w0 20207160155 A1 | NN 0000 KO0 O O 0

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

(19) World Intellectual Property '

Organization
=

International Bureau

(43) International Publication Date
06 August 2020 (06.08.2020)

(10) International Publication Number

WO 2020/160155 Al

WIPO I PCT

1)

@n

22)

@5
(26)
30)

(71)

(72)

International Patent Classification:

GO1C 3/12 (2006.01) B60OW 30/16 (2020.01)
GO1C 3/02 (2006.01) GO6K 9/32 (2006.01)
B6oWw 30/09 (2012.01)

International Application Number:
PCT/US2020/015688

International Filing Date:
29 January 2020 (29.01.2020)

versity, Building 170, 3rd Floor, Main Quad, Stanford, Cal-
ifornia 94305-2038 (US). MADIGAN, Regina; c/o Allstate
Insurance Company, 2775 Sanders Road, Northbrook, Illi-
nois 60062 (US). CHINTAKINDI, Sunil; c/o Allstate In-
surance Company, 2775 Sanders Road, Northbrook, Illinois
60062 (US). KOCHENDERFER, Mykel; c/o Leland Stan-
ford Junior University, Building 170, 3rd Floor, Main Quad,
Stanford, California 94305-2038 (US).

(74) Agent: KEANE, Reilley P. et al.;, BANNER & WITCOFF,
Filing Language: English LTD., 1100 13th Street, N.W., Suite 1200, Washington,
Publication Language: English District of Columbia 20005 (US).
Priority Data: (81) Designated States (unless otherwise indicated, for every
y . kind of national protection available). AE, AG, AL, AM,
62/798,576 30 January 2019 (30.01.2019) Us AO. AT, AU, AZ. BA, BB, BG, BIL BN, BR, BW, BY, BZ.
16/774,647 28 January 2020 (28.01.2020) Us CA. CIL. CL. CN. CO. CR. CU, CZ, DE. DJ, DK, DM, DO,
Applicants: ALLSTATE INSURANCE COMPANY DZ, EC, EE, EG, ES, FI, GB, GD, GE, GH, GM, GT, HN,
[US/US]; 2775 Sanders Road, Northbrook, Illinois 60062 HR, HU, ID, IL, IN, IR, IS, JO, JP, KE, KG, KH, KN, KP,
(US). THE BOARD OF TRUSTEES OF THE LELAND KR, KW, KZ LA,LC,LK,LR,LS,LU, LY, MA, MD, ME,
STANFORD JUNTIOR UNIVERSITY [US/US]; Office of MG, MK, MN, MW, MX, MY, MZ, NA, NG, NI, NO, NZ,
the General Counsel, Building 170, 3rd Floor, Main Quad, OM, PA, PE, PG, PH, PL, PT, QA, RO, RS, RU, RW, SA,
Stanford, California 94305-2038 (US). 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.
Inventors: ARAGON, Juan Carlos; c/o Allstate Insurance
Company, 2775 Sanders Road, Northbrook, Illinois 60062  (84) Designated States (unless otherwise indicated, for every

(US). PHILLIPS, Derek; c/o Leland Stanford Junior Uni-

kind of regional protection available): ARIPO (BW, GH,

(54) Title: DYNAMIC DISTANCE ESTIMATION OUTPUT GENERATION BASED ON MONOCULAR VIDEO

Generate & Send Video |
Capture Commands

. 4 .
[ Determine Bounding Box OF |

Leader Vehicie

Vehicle?

¥
Establish Vehicle Atfribute
tabase Connection
FEE l

.

Gensrats & Ssind Vehicle
Paramster Commands

Reusive Yehicle Parameter
information

)

Esteblish: Autonormous Vehicle
Control System Connsction

Generele & Sand Distance
Estimation Cuiput

FIG. 7

Determine Longituginal &
Lateral Distances

(57) Abstract: Aspects of the disclosure relate to a dynamic distance esti-
mation output platform that utilizes improved computer vision and perspec-
tive transformation techniques to determine vehicle proximities from video
footage. A computing platform may receive, from a visible light camera locat-
ed in a first vehicle, a video output showing a second vehicle that is in front
of the first vehicle. The computing platform may determine a longitudinal dis-
tance between the first vehicle and the second vehicle by determining an or-
thogonal distance between a center-of-projection corresponding to the visible
light camera, and an intersection of a backside plane of the second vehicle and
ground below the second vehicle. The computing platform may send, to an au-
tonomous vehicle control system, a distance estimation output corresponding
to the longitudinal distance, which may cause the autonomous vehicle control
system to perform vehicle control actions.

[Continued on next page]



WO 2020/160155 A1 ||| 00000 0000 O

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, IR, HU, IE, IS, IT, LT, LU, LV,
MC, MK, MT, NL, NO, PL, PT, RO, RS, SE, SL SK, SM,
TR). OAPI (BF, BJ, CF, CG, CL CM, GA, GN, GQ, GW,
KM, ML, MR, NE, SN, TD, TG).

Published:

—  with international search report (Art. 21(3))

—  before the expiration of the time limit for amending the
claims and to be republished in the event of receipt of
amendments (Rule 48.2(h))



WO 2020/160155 PCT/US2020/015688

DYNAMIC DISTANCE ESTIMATION OUTPUT
GENERATION BASED ON MONOCULAR VIDEO

CROSS-REFERENCE TO RELATED APPLICATIONS
{0001} This application claims the benefit of and priornity to U.S. Provisional Patent
Application Serial No. 62/798,576, filed January 30, 2019, and U.S. Patent Application Serial

No. 16/774,647, filed January 28, 2020, both entitled “Dynamic Distance Estimation QOutput

Generation Based on Monocular Video,” and both are incorporated by reference herein in their

entirety.
BACKGROUND
10002} Aspects of the disclosure relate to enhanced processing systems for providing

dynamic distance estimation outputs using improved computer vision methods and perspective
transformation techniques. lIn particular, one or more aspects of the disclosure relate to a
dynamic distance estimation output platform that utilizes video footage to compute vehicle

proximities.

10003} Many organizations and individuals rely on proximity of a first vehicle to a second
vehicle in autonomous vehicle control.  In mauny instances, however, such proximity 18
determined using light detection and ranging (LIDAR) equipment, which may be very
expensive to obtain and install.  This presents himutations to those unable to afford such
equipment. There remains an ever-present need to develop a more cost effective way to

determine vehicle proximities.

SUMMARY

{0004} Aspects of the disclosure provide effective, efficient, scalable, and convenient
technical solutions that address and overcome the technical problems associated with
determining vehicle proximities using footage from visible light cameras by implementing
advanced computer vision and perspective transformation techniques. In accordance with one
or more arrangements discussed herein, a computing platform having at least one processor, a
communication interface, and memory may receive, from a visible light camera located in a
first vehicle, a video cutput containing video footage of a second vehicle {that may be in front

of the first vehicle). The computing platform may use one or more deep learning algorithis
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to determine a longitudinal distance between the first vehicle and the second vehicle by
determining an orthogonal distance between a center-of-projection corresponding to the visible
light camera and an intersection of a backside plane of the second vehicle and ground below
the second vehicle. In these instances, in using the one or more deep learning algorithms, the
computing platform may determine a bounding box that covers visible dimensions of the
second vehicle, and the bounding box may be used to determine the longitudinal distance
between the first vehicle and the second vehicle. The computing device may send, to one or
more of a vehicle control system or a mobile device, a distance estimation output corresponding
to the longitudinal distance, which may cause the vehicle control system to perform one or
more vehicle control actions and/or the mobile device to cause display of a graphical user

interface based on the distance estimation ocutput.

HUHIRY! In some embodiments, the vehicle control system may be an autonomous vehicle
control system. In some embodiments, the computing platform may determine the longitudinal
distance between the first vehicle and the second vehicle by computing -F-g- where F'1s a focal
length of the visible light camera measured in pixels, /7 is a height of the visible light camera,
and  is a pixel distance between a vanishing point of an image frame and a bottom of the

bounding box.

{0006} In some embodiments, the image frame may be a frame of the visible light camera
and the vanishing point may be a point where lines, parallel when viewed in reality, are no
longer parallel in the image frame due to perspective transformations. In these embodiments,
the one or more vehicle control actions may be one or more of causing the first vehicle to
maneuver or cause display of a user interface indicating the distance estimation output. In
some embodiments, the computing platform may generate a conversion function that maps a
two dimensional perceived width, on an image frame of the video footage of the second vehicle,
to the longitudinal distance between the first vehicle and the second vehicle The computing
platform may perform the conversion function to determine the longitudinal distance between

the first vehicle and the second vehicle.

{0007} In some embodiments, the computing platform may determine first longitudinal
distances to one or more static objects in a first frame of the video footage. The computing

platforro may determine second longitudinal distances to the one or more static objects in a
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second frame of the video footage. The computing platform may determine an absolute speed
of the first vehicle by dividing a difference between the first longitudinal distances and the
second longitudinal distances by an amount of time between the first frame and the second

frame.

{0008} In some embodiments, the computing platform may identify, using one or more of:
a trained neural network or a brightness transition detection method, contact points for posterior

wheels in the first vehicle.

{00069} In accordance with one or more additional arrangements discussed herein, a
computing platform having at least one processor, a communication interface, and memory
may receive, from a visible light camera located in a first vehicle, a video output containing
video tootage of a second vehicle, wherein the second vehicle is in front of the first vehicle.
The computing platform may determine that the second vehicle 1s off center from the first
vehicle. After determining that the second vehicle is off center from the first vehicle, the
computing platform may determine a lateral distance between (1) a line that is orthogonal to
an image plane of the visible light camera and that starts at a projection over a ground plane of
a center of projection of the visible light camera, and (2) a middle of a backside of the second
vehicle. The computing platform may send, to an autonomous vehicle control system, a
distance estimation output corresponding to the lateral distance, which may cause the

autonomous vehicle control system to perform one or more vehicle control actions.

{6010} In some embodiments, the computing platform may determine a bounding box that
covers visible dimensions of the second vehicle, and the computing platform may determine
that the second vehicle is off center from the first vehicle based on the bounding box. In some
embodiments, the computing platform may determine a longitudinal distance between the first
vehicle and the second vehicle, and the distance estimation output may include an indication

of the longitudinal distance in addition to the lateral distance.

{0011} In sorme embodiments, the longitudinal distance may be determined prior to the
lateral distance, and may be used to calculate the lateral distance. In some embodiments, the
computing platform may determine a distance {d, }, within the image plane of the visible light
camera, representative of a distance between a bottom left corner of the bounding box and an
intersection between a vector representing the longitudinal distance and a plane of the bounding

box.
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{0012} In some embodiments, the computing platform may determine the lateral distance

d1Dion

. W . . . . . S -

by calculating 1;, where [}y, is the longitudinal distance, /7 is a focal length of the
visible light camera measured in pixels, and ¥ is a width of the second vehicle. In these
embodiments, the width of the second vehicle may be deterruined based on information from

a vehicle attribute database.
10013} In some embodiments, the computing platform may verify the longitudinal distance

by re-calculating the longitudinal distance using a different method of calculation than was

initially used to calculate the longitudinal distance. In these embodiments, the computing

w

platform may calculate a two dimensional width (w) of the second vehicle by calculating =
lon

wherein [, is the longitudinal distance, £ is a focal length of the visible light camera

measured in pixels, and W is a width of the second vehicle. In some embodiments, the

. o . . FW
computing platform may re-calculate the longitudinal distance by calculating -
{6014} In accordance with one or more additional arrangements discussed herein, a

computing platform having at least one processor, a communication interface, and memory
may receive, from a visible light camera located in a first vehicle, a video cutput containing
video footage of one or more additional vehicles. The computing platform may determine a
first longitudinal distance and a first lateral distance with respect to each of the one or more
additional vehicles at a first frame of the video footage, resulting in first distances. The
computing platform may determine a second longitudinal distance and a second lateral distance
with respect to each of the one or more additional vehicles at a second frame of the video
footage, resulting in second distances. For each of the one or more additional vehicles, the
computing platform may determine a relative speed by (1) determining a difference between
the first distances and the second distances, and (2) dividing the difference by an amount of
time between the first frame and the second frame. For each of the one or more additional
vehicles, the computing platform may determine a relative acceleration by dividing the relative
speed by the amount of time between the first frame and the second frame. For each of the one
or more additional vehicles, the computing platform may determine an absolute speed by

adding a speed of the first vehicle to the respective vehicle’s relative speed.

10015] In some embodiments, the computing platform may determine an absolute

acceleration for the first vehicle by (1) determining a difference between a first absolute speed
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of the first vehicle at the first frame and a second absolute speed of the first vehicle at the
second frame, (2) dividing the difference between the first absolute speed of the first vehicle at
the first frame and the second absolute speed of the first vehicle at the second frame, and (3}
determining, for each of the one or more additional vehicles, an absolute acceleration by adding
the absolute acceleration of the first vehicle to each of the one or more additional vehicle’s

respective relative accelerations.

{0016} These features, along with many others, are discussed in greater detail below.

BRIEF DESCRIPTION OF THE DRAWINGS

{0017} The present disclosure is illustrated by way of example and not limited in the

accompanying figures in which like reference numerals indicate similar elements and in which:

{6018} FIGS. 1A-1B depict an illustrative computing environment for deploying a dynamic
distance estimation output platform that utilizes improved computer vision and perspective
transformation techniques in accordance with one or more example arrangements discussed

herein;

{0019] FIGS. 2A-2D depict an dlustrative event sequence for deploving a dynamic distance
estimation output platform that utilizes improved computer vision and perspective
transformation techniques in accordance with one or more example arrangements discussed

herein;

10020} FIGS. 3-5 depict distance calculations by a dynamic distance estimation output
platforro that utilizes improved computer vision and perspective transformation technigues in

accordance with one or more example arrangements discussed herein;

{6021} FIG. 6 depicts a graphical user interface for a dynamic distance estimation cutput
platform that utilizes improved computer vision and perspective transformation techniques in

accordance with one or more example arrangements discussed herein;

10022} FIG. 7 depicts an illustrative method for deploying a dynamic distance estimation
output platform that utilizes improved computer vision and perspective transformation

techniques in accordance with one or more example arrangements discussed herein;
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{0023} FIGS. 8-17 depict illustrations associated with deploying a dynamic distance
estimation output platform that utilizes improved computer vision and perspective
transformation techniques in accordance with one or more example arrangements discussed

herein; and

{0024} FIGS. 18 and 19 depict a graphical user interfaces for a dynamic distance
estimation output platform that utilizes improved computer vision and perspective
transformation techniques in accordance with one or more example arrangements discussed

herein.

DETAILED DESCRIPTION

{0025} In the following description of vartous illustrative embodiments, reference 1s made
to the accompanying drawings, which form a part hereof, and in which is shown, by way of
iltustration, various embodiments in which aspects of the disclosure may be practiced. It isto
be understood that other embodiments may be utilized, and structural and functional

modifications may be made, without departing from the scope of the present disclosure.

{0026} It is noted that various connections between elements are discussed in the following
description. [t 1s noted that these connections are general and, unless specified otherwise, may
be direct or indirect, wired or wireless, and that the specification is not intended to be limiting

in this respect.

{06027} The following disclosure provides a method to estimate, 1n real time, the distance
between a vehicle and any other vehicle in front of it through computer vision and perspective
transformation techniques. For this purpose, the vehicle may be equipped with a visible light
camera mounted on the dashboard. The distances to vehicles in front may be computed as
fongitudinal and lateral. Arrangements described herein also provide an alternate method to
compute longitudinal distances to vehicles in front based on the perceived width of the vehicle.

The alternate method may be used to augment or to validate the first method.

10028} In the autonomous driving industry, distances to other vehicles may be generally
obtained through LIDAR (which may be an expensive piece of equipment). Arrangements
described herein include aspects that include a visible light camera that provides the benefit of

simplicity and low cost deployment since LIDAR equipment could potentially cost several
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thousand dollars (forty thousand dollars in some cases). In contrast, a useful visible light
camera may cost under a hundred dollars. This may reduce deployment costs and allow massive

deployment of a computer vision infrastructure based on the arrangements described herein.

10029} Distance estimation may be important to any type of application or model that uses
a description of the driving scene around a vehicle. These descriptions may be based on the
focations of the vehicles in the scene, the relative and absolute speeds of such vehicles, and/or
their accelerations. An example of such application is a model that estimates the level of risk
for a particular driver on a driving scene. Similarly, driving behavior models also may be based

on vehicle positions at every point in time 50 as to estimate speeds and accelerations.

10030} FIGS. 1A-1B depict an illustrative computing environment for deploying a dynamic
distance estimation output platform 102 that utilizes improved computer vision and perspective
transformation techniques in accordance with one or more example embodiments. Referring
to FIG. TA, computing environment 100 may include one or more computer systems. For
example, computing environment 100 may include a dynamic distance estimation output
platform 102, a vehicle attribute database 103, one or more cameras (e.g., camera 104), and a

vehicle control system 105.

{0031} As illustrated in greater detail below, dynamic distance estimation output platform
102 may include one or more computing devices configured to perform one or more of the
functions described herein. For example, dynamic distance estimation output platform 102
may include one or more computers (e.g., laptop computers, desktop computers, servers, server
blades, or the like} configured to receive images and/or video footage and generate dynamic

distance estimation outputs accordingly.

{0032} Vehicle attribute database 103 may be a computing platform capable of storing and
maintaining attributes {e.g., operating parameters, dimensions, or the like} corresponding to
various vehicles. In some instances, the vehicle attribute database 103 may be configured to
receive requests for vehicle attributes from the dynamic distance estimation output platform
102, determine the corresponding attributes, and send the atiributes to dynamic distance

estimation cutput platform 102

10033} Camera 104 may be a vehicle camera or a camera on a personal computing device

{e.g., smartphone, personal digital assistant, tablet computer, or the like). Tn some instances,
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camera 104 may be located in a vehicle corresponding to or including the dynamic distance
estimation output platform 102 (e.g, an ego-vehicle). In some instances, the camera 104 may
be a forward facing camera, a rear facing camera, and or a side facing camera. In some
instances, there may be more than one camera. For example, video footage may be captured
using a dash board vehicle camera and a camera on a mobile device. In some instances, the
camera 104 may be mounted in the vehicle and may rotate automatically or manually. Insome
instances, the camera 104 may be mounted in the vehicle above the dashboard so that the
camera has visibility to a scene in front of the vehicle. In one or more instances, the camera

104 may be a visible light camera.

{0034} Vehicle control system 105 may be a computing device (e.g., a deskiop computer,
faptop computer, tablet computer, smart phone, or the like) that may be used to receive distance
estimation outputs from the dynamic distance estimation output platform 102 and to control
the ego-vehicle accordingly. In some instances, and as described further below, vehicle control
systems 105 may be an autonomous vehicle control system. 1t should be understood, however,
that the vehicle control systern 105 is not limited to being an autonomous vehicle control

system, and rather it may be a control systern for a non-autonomous vehicle.

{0035} In addition, and as tllustrated in greater detail below, vehicle control system 105
may be configured to generate, host, transmit, and/or otherwise provide one or more graphical
user interfaces (which may, e.g., cause one or more other computer systems to display and/or
otherwise present the one or more graphical user interfaces). In some instances, the graphical
user interfaces generated by vehicle control systern 105 may indicate a proxinity to a nearby

vehicle, and may be displayed via a display in the ego-vehicle or a mobile device.

10036} Computing environment 100 also may include one or more networks, which may
interconnect one or more of dynamic distance estimation output platform 102, vehicle attribute
database 103, camera 104, and vehicle control system 105. For example, computing
environmment 100 may include a network 101 (which may conuect, e.g., dynamic distance

estimation output platform 102, vehicle attribute database 103, camera 104, and vehicle control

system 1053},

{0037} In one or more arrangements, dynamic distance estimation output platform 102,

vehicle attribute database 103, camera 104, vehicle control system 105, and/or the other
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systems included in computing environment 100 may be any type of computing device capable
of receiving a user interface, receiving input using the user interface, and communicating the
received input to one or more other computing devices as discussed more fully herein. For
exampie, dynamic distance estimation output platform 102, vehicle attribute database 103,

camera 104, vehicle control system 105, and/or the other systems included in computing

)
environmment 100 may, in some instances, be and/or include server computers, desktop
computers, laptop computers, tablet computers, smart phones, or the like that may include one
Of more processors, memories, communication interfaces, storage devices, and/or other
components configured to perform aspects described herein. As noted above, and as illustrated
in greater detail below, any and/or all of dynamic distance estimation cutput platform 102,
vehicle attribute database 103, camera 104, and vehicle control system 105 may, in some

instances, be special-purpose computing devices configured to perform specific functions.

{0038} Referring to FIG. 1B, dynamic distance estimation output platform 102 may include
one or mote processors 111, memory 112, and communication interface 113, A data bus may
interconnect processor 111, memory 112, and communication interface 113, Communication
interface 113 may be a network interface configured to support communication between
dynamic distance estimation output platform 102 and one or more networks (e g , network 101,
or the like). Memory 112 may include one or more program modules having instructions that
when executed by processor 111 cause dynamic distance estimation output platform 102 to
perform one or more functions described herein and/or one or more databases that may store
and/or otherwise maintain information that may be used by such program modules and/or
processor 111, In some instances, the one or more program modules and/or databases rmay be
stored by and/or maintained in different memory units of dynamic distance estimation output
platform 102 and/or by different computing devices that may form and/or otherwise make up
dynamic distance estimation output platform 102, For example, memory 112 may have, store,
and/or include a dynamic distance estimation module 112a, a dynamic distance estimation
database 112b, and a machine learning engine 112¢. Dynamic distance estimation module
112a may have instructions that direct and/or cause dynamic distance estimation output
platform 102 to execute advanced computer vision and perspective transformation methods for
determining distance estimation outputs, as discussed in greater detail below. Dynamic
distance estimation database 112b may store information used by dynamuic distance estimation

module 112a and/or dynamic distance estimation output platform 102 in distance estimation
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output generation and/or in performing other functions. Machine learning engine 112¢ may
have instructions that direct and/or cause the dynamic distance estimation output platform 102
to perform dynamic distance estimation output generation and to set, define, and/or iteratively
refine optimization rules and/or other parameters used by the dynamic distance estimation

cutput platform 102 and/or other systems in computing environment 100.

{0039} FIGS. 2A-2D depict anillustrative event sequence for deploying a dynamic distance
estimation output platform that utilizes improved computer vision and perspective
transformation techniques in accordance with one or more example embodiments. This
iltustrative event sequence depicts a method that is based on perspective transformations. The
distances may be estimated with respect to a vehicle that has a camera {e.g., camera 104)
mounted to a vehicle (here on referred to as the ego-vehicle). The method assumes that the
camera 104’s focal length and the camera 104’s height above ground are previously
determined. Simiarly, the roethod assurnes that the camera 1047s pan and roll angles are close
to zero, which may make the camera 1047s image plane parallel to the front axle of the ego-

vehicle and thus may provide a good referential plane representing the ego-vehicle.

{0040} Referning to FIG. 2A, at step 201, the dynamic distance estimation output platform
102 may establish a connection with the camera 104, For example, the dynamic distance
estimation output platform 102 may establish a first wireless data connection to the camera 104

to link the dynamic distance estimation output platform 102 to the camera 104,

{0041} At step 202, the dynamic distance estimation output platform 102 may generate one
or more commands directing the camera 104 to initiate video collection. At step 203, the
dynamic distance estimation output platform 102 may send the one or more commands
directing the camera 104 to initiate video collection to the camera 104, In some instances, the
dynamic distance estimation output platform 102 may send the one or more commands
directing the camera 104 to initiate video collection via the communication interface 113 and

while the first wireless data connection is established.

{0042} At step 204, the camera 104 may receive the one or more commands directing the
camera 104 to initiate video collection sent at step 203. In some instances, the camera 104 may
receive the one or more commands directing the camera 104 to initiate video collection while

the first wireless data connection is established.
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{0043} At step 205, the camera 104 may capture video of a vehicle (from here on referred
to as the leader vehicle) located in front of the ego-vehicle. In one or more instances, the

camera 104 {mounted on the ego-vehicle) may capture images of the leader vehicle.

10044} Referring to FIG. 2B, at step 2006, the camera 104 may send a video output based
on the captured video to the dynamic distance estimation cutput platform 102, For example,
camera 104 may send the video footage to the dynamic distance estimation output plattorm

102 while the first wireless data connection is established.

{0045} At step 207, the dynamic distance estimation output platform 102 may receive the
video output. For example, the dynamic distance estimation output platform 102 may receive
the video output while the first wireless data counection is established and via the

communication interface 113.

{0046} At step 208, the dynamic distance estimation output platform 102 may apply, to the
video output, computer vision techniques in object detection to obtain the leader vehicle’s
bounding-box, which is a rectangle that not only provides the location of the leader vehicle
{which can be represented by the bounding box’s center of gravity), but also the perceived
dimensions of the leader vehicle as they are visible to the ego-vehicle’s camera (e.g., camera

104).

{0047} At step 209, the dynamic distance estimation output platform 102 may determine
whether the leader vehicle is an oversized vehicle {e g, truck, bus, or the like) If so, the
dynamic distance estimation output platform 102 may establish a connection with the vehicle
attribute database 103, In one or more instances, the dynamic distance estimation cutput
platform 102 may establish a second wireless data connection with the vehicle atiribute
database 103 to link the dynamic distance estimation cutput platform 102 to the vehicle
attribute database 103, If the dynamic distance estimation output platform 102 determines that

the leader vehicle is not an oversized vehicle, it may proceed to step 215.

{6048} At step 210, the dynamic distance estimation output platform 102 may generate and
send one or more commands directing the vehicle attribute database 103 to provide vehicle
parameter information. In one or more instances, in sending the one or more commands, the
dynamic distance estimation output platform 102 may include an indication of the leader

vehicle’s type. In one or more instances, the dynamic distance estimation output platform 102
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may send the one or more commands directing the vehicle attribute database 103 to provide
the vehicle parameter information to the vehicle attribute database 103 while the second

wireless data connection is established.

10049} At step 211, the vehicle attribute database 103 may receive the one or more
commands directing the vehicle attribute database 103 to provide the vehicle parameter
information that was sent at step 210, In one or more instances, the vehicle attribute database
103 may receive the one or more commands directing the vehicle attribute database 103 to
provide the vehicle parameter information while the second wireless data connection is

established.

10050} Referring to FIG. 2C, at step 212, the vehicle attribute database 103 may determine
parameters (e.g., dimensions, measurements, or the hike) corresponding to the leader vehicle’s
vehicle type. In one or more instances, the vehicle atiribute database 103 may maintain a stored
listing of vehicle parameters corresponding to varicus vehicle types, and may index the vehicle

type to determine the corresponding parameters.

{0051} At step 213, the vehicle attribute database 103 may send vehicle parameter
information corresponding to the parameters determined at step 212. In one or more instances,
the vehicle attribute database 103 may send the vehicle parameter information to the dynamic
distance estimation output platform 102 while the second wireless data connection is

established.

{0052} At step 214, the dynamuic distance estimation output platform 102 may receive the
vehicle parameter information sent at step 213. In one or more instances, the dynamic distance
estimation output platform 102 may recetve the vehicle parameter information while the second

wireless data connection is still established.

{0053} At step 215, the dynamic distance estimation output platform 102 may determine
whether a longitudinal and a lateral distance should be determined. If so, the dynaroic distance
estimation output platform 102 may skip the remainder of step 215 and proceed to step 216, If
not, the dynamic distance estirnation output platform 102 may perform the remainder of step
215 1In one or more instances, the dynamic distance estimation output platform 102 may
determine a longitudinal distance (e.g., a real-world distance from the ego-vehicle’s camera

{camera 104} to the backside of the leader vehicle). If the dynamic distance estimation output
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platform 102 determines that the leader vehicle is in front of the ego-vehicle, but is off center,
the dynamic distance estimation output platform 102 may determine that a lateral distance may

also be determined and may skip step 215 and proceed to step 216,

10054 In one or more instances, the dynamic distance estimation output platform 102 may
determine the longitudinal distance by measuring the orthogonal distance between the
projection, over the ground plane, of the camera 104’s center-of-projection and the intersection
of the plane representing the leader vehicle’s backside with the ground plane (referred to here
on as the leader vehicle’s backside plane). The camera 104°s location is represented by the
center-of-projection. The line that starts at the center-of-projection and that runs parallel to the
ground plane is called the horizon line. In instances where the camera 1047s tilt angle is zero,
the horizon line is orthogonal to the image plane and it intercepts this plane at the center. For
a non-zero tilt angle, the intercept may occur at the vanishing point (which may be above or
below the center of the image frame depending on the tilt). The projection, over the ground
plane, of the camera 104’s center-of-projection may be referred to from hereon as Point A. The
line which starts at Point A and runs parallel to the horizon line will be referred to as the primary

tine. This is tllustrated further in sketch 300, which is depicted in FIG. 3.

{0055} In one or more instances, the leader vehicle’s backside plane may be parallel to the
camera 104’ s image plane. Accordingly, the dynamic distance estimation output platform 102
may determine that the ego and leader vehicles have the same heading. In one or more
instances, the dynamic distance estimation output platform 102 may determine a small

estimation error based on small variations on both vehicles headings.

{0056} In order to determine the real-world longttudinal distance, the dynamic distance
estimation output platform 102 may use information from an image frame of the video output
obtained by the camera 104, In one or more instances, the dynamic distance estimation output
platform 102 may apply perspective transformation calculations, allowing it to use the
dimenstions in pixels of different objects detected on the image frame and use them to estimate
their corresponding real-world dimensions. The real-world longitudinal distance may be
estimated by equation 1 below, and the estimation process 1s further tustrated in sketch 400,

which is shown in FIG. 4.

FH (1)
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{0057} In equation 1, F represents the camera 104’s focal length measured in pixels, H
represents the camera 104°s height above the ground plane (in feet or inches). Variable d
represents the distance in pixels between the image-trame’s vanishing point and the bottom of
the leader vehicle’s bounding box generated by the object detector. In one or more instances,
the dynamic distance estimation cutput platform 102 may determine that the bottom segment
of the bounding box’s rectangle accurately approximates the location of the intersection
between the leader vehicle’s backside plane and the ground plane. In these instances, the
dynamic distance estimation output platform 102 may use usual object detectors based on deep
learning to determine a bounding box that covers the visible dimensions of the leader vehicle
such as height and width. In one or more instances, in determining the bounding boxes, the
dynamic distance estimation output platform 102 may determine bounding boxes with heights
that extend from the roof of the leader vehicle to the point of contact of the wheels with the
road {e.g, ground plane). While it 1s true that in the real world this point of contact for the
wheels may be a little bit ahead of the intersection between the leader vehicle’s backside plane
and the ground plane, the difference 1s sroall for most four-wheel passenger vehicles. For trucks
and buses this difference may be bigger, however neural network based object detectors may
distinguish these types of cars and thus appropriate corrections can be made so that all
estimated distances are calculated with respect to the leader vehicle’s backside. In these
instances, the dynamic distance estimation output platform 102 may perform the calculations

based on the vehicle parameter information received at step 214,

{0058} The vanishing point mentioned above s the point where parallel lines in the real
world might not be parallel when they are represented in the image frame due to perspective
transformations and thus converge to a single point that becomes the vanishing point. The
vanishing point may become the 2D representation of the horizon line depicted in FIG. 3 (the
horizon line will be projected as a point 1o the image plane). Under ideal conditions, the camera
104 mounted in the dash board may have a zero tilt angle in which case the center of the image
plane may be the same as the vanishing point. Under a non-zero tilt angle the vanishing point
may be above or below the center of the image plane. The dynamic distance estimation output

platform 102 may account for this in its calculation.
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{0059} If the ego-vehicle and leader vehicle have the same heading (so the backsides for
both cars are parallel to each other) then the dynamic distance estimation output platform 102
may assume that the image plane is parallel to the backside plane of the leader vehicle. In these
instances, the primary line may be orthogonal to the backside plane of the leader vehicle and
the longitudinal distance may be obtained over this line. FIG. 4 provides further illustration of

the estimation process tor longitudinal distance that is described by equation 1.

{0060} At step 216, the dynamic distance estimation output platform 102 may determine
that the leader vehicle is not directly in front of the ego-vehicle and that a lateral distance should
also be determined. For example, there are cases where the leader vehicle that is in front of the
estimation output platform 102 may calculate the longitudinal distance as well as the lateral
distance to provide an accurate representation of the leader vehicle’s positioning. The dynamic
distance estimation output platform 102 may determine the lateral distance by first estimating
the longitudinal distance to the backside of the leader vehicle in front of the ego-vehicle. In
these instances, even though the leader vehicle is off center, the extension of the plane
representing its backside intercepts the primary line at a given point which we will call point
B. The distance between point A (defined above) and point B becomes the longitudinal
distance. Similarly to the longitudinal distance calculation described above at step 215, the
dynamic distance estimation output platform 102 may assume that the image plane and the
icader vehicle’s backside plane are parallel, thus making the primary line orthogonal to the

backside plane.

10061} One principle that the dynamic distance estimation output platform 102 may exploit
in its estimation method is the fact that horizontal lines in the 3D real-world may stay horizontal
in the 2D image representation of this world {maintaining all the assumptions mentioned
above). Therefore, to estimate the longitudinal distance, the dynamic distance estimation output
platform 102 may obtain in the image frame the intercept point between the extension of the
horizontal line corresponding to the bottom segment of the leader vehicle’s bounding box
generated by a deep learning object detector and the vertical line that goes through the center
of the image frame. This vertical line is the 2D representation of the primary line and the
intercept point just mentioned ts the 2D representation of Point B. From here on, the distance

between this intercept point and the vanishing point will be referred to as dy,,,. This distance
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dion may be representative of the real world longitudinal distance {referred to from here on as
Dion) between the camera 104 and the backside of the leader vehicle. Sketch 500, which is
shown in FIG. S, illustrates the lateral distance estimation process and it shows the extension

of the leader vehicle’s backside plane with dashed lines.

10062} In one or more instances, the dynamic distance estimation output platform 102 may

determine the real-world longitudinal distance to the leader vehicle using equation 2 below,

_FH (2)
o ™ dion
{0063} The dynamic distance estimation output platform 102 may now obtain the lateral
distance. For this calculation, the dynamic distance estimation output platform 102 may assume
that the leader vehicle is off center towards the left of the ego-vehicle (this is illustrated in FIG.
Sy and the distance designations are made in the image frame. The dynamic distance estimation
output platform 102 may consider the distance between the bottom left corner of the bounding
box and the 2D representation of intercept point B (referred to here on as dy, which is the 2D

representation of the real-world distance Dy}

10064} The dynamic distance estimation output platform 102 may then assume that the real
world width W of the leader vehicle 1s 1.8 meters (which is generally close to the true width
for most passenger vehicles and can be changed to other values 1n case of buses and trucks). In
these instances, the corresponding 2D width w of the lead vehicle may be obtained from the
equation 3 (the dynamic distance estirnation output platforrn 102 may know the longitudinal

distance to the leader vehicle by applying equation 2 above).

FW (3)
b lon

w =

10065} The dynamic distance estimation output platform 102 may determine the lateral
distance {referred to as Dy, ), which may be obtained by subtracting from I, half the vehicle’s

width W. More specifically the lateral distance may be obtained using equation 4 below.
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{0066} In one or more tnstances, the dynamic distance estimation output platform 102 may

perform an alternate method for obtaining longitudinal distances - by using the 2D perceived
width of the leader vehicle {(referred to as Daliernate) as an indicator of distance. In these
instances, the dynamic distance estirnation output platform 102 may assume that the leader
vehicle has a real-world width W equal to 1.8m. The dynamic distance estimation output
platform 102 may use equation 5 to determine the real-world distance for a perceived width w
of the vehicle.

F 5)

Dalternate = ——
w

{0067} Using equation S, the dynamic distance estimation output platform 102 may build
a conversion function for different perceived widths of vehicles. In these instances, the camera
104 may be a dashboard camera mounted in the ego-vehicle configured to observe marks on
the pavement in front of the ego-vehicle at specific tongitudinal distances from the camera 104,
Inn these instances, the ego-vehicle may remain parked. In these instances, the video output
from the camera 104 may correspond to a video of another vehicle as it moves in front of the
ego-vehicle slowly going away and passing each one of the pavement markings by touching
thera with the back wheels. Then after processing the recorded video, the dynamic distance
estimation output platform 102 may measure the width in pixels of the other vehicle at each of
the distances indicated by the pavement marking where the other vehicle is located. This will
provide the dynamic distance estimation output platform 102 with a function that maps vehicle
widths with real world distances. Such function may be used to directly obtain longitudinal
distance estimation on deployment. In some instances, this function may be used instead of or
in addition to the first longitudinal distance estimation method described above. In other
instances, this function may also be used as an independent method of corroboration of the

accuracy of the first longitudinal distance estimation method.

{0068} Referring to FIG. 2D, at step 217, the dynamic distance estimation output platform

102 may determine relative speeds with respect to the ego-vehicle for all the vehicles in the
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driving scene that are visible to the camera 104, In one or more instances, the dynamic distance
estimation output platform 102 may determine the relative speed by dividing the difference in
distances to any vehicle between two image frames by the time between these frames.
Similarly, the dynamic distance estimation output platform 102 may determine relative
accelerations for all the visible vehicles by dividing the difference between speeds at different

frames by the time between frames.

{0069} Additionally, the dynamic distance estimation output platform 102 may determine
absolute speed for the ego-vehicle by calculating first the distance to any static object in the
driving scene on two different frames using the distance methods outlined above. Then, the
dynamic distance estimation output platform 102 may divide the difference between these
distances by the time between these tframes. Static objects in the image frame may be public
light poles, telephone poles, traffic sign poles, sireet sign poles, corners of buildings, or the
like. In one or more instances, the dynamic distance estimation output platform 102 may detect
these static objects through a vasiety of computer vision methods available in the literature such
as deep learning methods, so long as these static objects have a point of contact with the ground

plane.

{06070} At step 218, the dynamic distance estimation output platform 102 may establish a
connection with autonomous vehicle control system 105, In one or more instances, the
dynamic distance estimation output platform 102 may establish a third wireless data connection
with the autonomous vehicle control system 105 to link the dynamic distance estimation output

platform 102 with the autonomous vehicle control system 105

{0071} At step 219, the dynamic distance estimation output platform 102 may generate a
distance estimation output based on the longitudinal, lateral distances, and speeds determined
at steps 215-217, and may send the distance estimation output to the autonomous vehicle
control system 105. In one or more instances, the dynamic distance estimation ocutput platform
102 may send the distance estimation output to the autonomous vehicle control system 105

while the third wireless data connection is established.

{6072} At step 220, the autonomous vehicle control system 105 may receive the distance

estimation output sent at step 219. In one or more instances, the autonomous vehicle control
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system 105 may receive the distance estimation output while the third wireless data connection

is established.

{0073} At step 221, the autonomous vehicle control systern 105 may cause the ego-vehicle
to maneuver {e.g., stow down, speed up, break, turn, swerve, or the like} and/or cause display
of a user interface based on the distance estimation output. For example, the autonomous
vehicle control system 105 may generate a graphical user interface for display on either a
mobile device or a vehicle display in the ego-vehicle indicating the distance estimation output.
In one or more instances, the autonomous vehicle control system 105 may generate a graphical
user interface similar to graphical user interface 605, which 1s shown in FIG. 6. For example,
the graphical user interface 605 may indicate that the ego-vehicle is slowing down due to its
close proximity to the leader vehicle. The graphical user interface 605 ray also indicate a

distance between vehicles, a current speed, or the like.

{0074} Subsequently, the example event sequence may end, and the dynamic distance
estimation output platform 102 may continue to generate distance estimation outputs in a
similar manner as discussed above (e.g., by recetving video footage from a visible light camera,
extrapolating information from the video footage, calculating varicus distances between
vehicles, and providing the calculated distances to an autonomous vehicle control system). It
should be understood that the method described in the example event sequence may occur in
real time, and that the example event sequence may continue to repeat. By operating in this
way, dynamic distance estimation output platform 102 may improve the quality of autonomous

vehicle operation and increase driver safety in a cost effective manner.

{6075} FIG. 7 depicts an illustrative method for deploying a dynamic distance estimation
output platform that utilizes improved computer vision and perspective transformation
techuiques in accordance with one or more example embodiments. Referring to FIG. 7, at step
705, a computing platform may establish a connection with a video camera. At step 710, the
computing platform may generate one or more commands directing the video camera to capture
video footage, and may send the one or more commands to the video camera. At step 715, the
computing platform may receive a video output from the video camera. At step 720, the
computing platform may determine a bounding box of a leader vehicle. At step 725, the

computing platform may determine whether the leader vehicle is an oversized or otherwise
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non-standard sized vehicle. It so, the computing platform may proceed to step 730, H not, the

computing platform may proceed to step 745,

{0076} At step 730, the computing platform may establish a connection with a vehicle
attribute database. At step 735, the computing platform may generate and send one or more
commands directing the vehicle attribute database to provide vehicle parameter information.
At step 740, the computing platform may receive vehicle parameter information from the
vehicle attribute database. At step 745, the computing platform may determine whether the
leader vehicle is directly ahead or is offset. If the leader vehicle is offset, the computing
platform may proceed to step 750 If the leader vehicle 15 directly ahead, the computing

platform may proceed to step 755,

{06077} At step 750, the computing platform may determine both a longitudinal and a lateral
distance to the leader vehicle. At step 755, the computing platform may determine only a
longitudinal distance. At step 760, the computing platform may determine speeds of the
vehicles. At step 765, the computing platform may establish a connection with an autonomous
vehicle control system. At step 770, the computing platform may generate and send a distance
estimation output to the autonomous vehicle control system. Subsequently, the method may

end.

10078} In addition or as an alternative to the one or more methods described above, in some
instances, the dynamic distance estimation output platform 102 may perform hierarchical
processing through the bounding box (e.g., a deep learning bounding box}. In one or more
instances, the dynamic distance estimation output platform 102 may perform additional
processing using the bounding box obtained through the object detector, which may extend the
descriptive information on the driving scenario beyond what has been presented above and may
thus extend the functionality already mentioned. In some instances, the dynamic distance
estimation output platform 102 may identify a bounding box that covers the visible extent of
the vehicle. In these instances, the dynamic distance estimation output platform 102 identify a
bounding box that includes the back-side and one of the lateral-sides (left or right depending
on a vehicle position with regards to the ego-vehicle), and points of contact of the wheels with
the road (this may be visible for the two posterior wheels). Depending on the proximity to the
ego-vehicle, sometimes the two wheels on the side of the vehicle may be visible (e.g., visible

to the camera 104) and the points of contact with the road {ground plane) may be available for
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three of the vehicle wheels (the two posterior wheels and one of the front wheels). One of the
hierarchical processes that may be performed by the dynamic distance estimation output

platform 102 is an Alternative Lateral Distance Estimation process, which is described below.

10079] In addition, or as an alternative method to estimate the lateral distance of'the vehicle,
the dynamic distance estimation ocutput platform may resort to hierarchical processing. In these
instances, the dynamic distance estimation output platform 102 may detect the vehicle through
the bounding box (e.g, based on image and/or video content received from the camera 104).
After detecting this box, the dynamic distance estimation output platform 102 may use a neural
network trained to detect the back-side of the vehicle from Haar-like features obtained from
the input image (e.g., received from the camera 104}, The dynamic distance estimation cutput
platform 102 may obtain the Haar-like features by extracting the response of the Haar-like
wavelets over a window of a given size on the image. By obtaining the Haar-like wavelets, the
dynamic distance estimation output platformn 102 may evaluate, among other things, the
presence of vertical and horizontal bars on the back-side of the vehicle and a symmetric

arrangement tor these bars.

{0080} In one or more instances, the actual size of the vehicle in the image plane depends
on the real~-world proximity to the ego-vehicle. Therefore, in these instances, the back-side of
the vehicle may have different sizes, however, the size of the window used by the dynamic
distance estimation cutput platform 102 to extract the Haar-like features for the neural network
may be unique. Accordingly, the problem of having a variable size window for the vehicle
back-side may solved by extracting, by the dynamic distance estimation output platform 102,
multiple window sizes from the input image and by resizing such image through sampling and
interpolation to one unique size, which may be the nominal window size that was used to train
the neural network. The neural network may trained with different window sizes, which may
allow the dynamic distance estimation output platform 102 to perform successtul detection
even though the vehicle actual size on the image may be variable. The windows used to train
the neural network may be rectangular with different aspect ratios. Additionally, the neural
network may work as a classifier that provides a one if a vehicle back-side is detected and a

zero if no back-side s detected.

{06081} The dynamic distance estimation output platform 102 way use the neural network

trained on the vehicle back-side appearance within the bounding box by extracting an image
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window from it. In the description below, it may be assumed that the vehicle that was detected,
by the dynamic distance estimation output platform 102 using the deep learning bounding box,
is moving in the same direction as the ego-vehicle {e.g., so that its back-size is visible and that
this vehicle ts located on the adjacent lane to the right of the ego-vehicle, which is shown, for
example, in FIG. 8). In one or more instances, this window to be used for the neural network
detection muay be located towards the right side of the bounding box and it may extend 1n length
towards the left side of the bounding box according to a predetermined size (e.g, so that a
given aspect ratio 18 obtained for this window). Thus, the window may share the same right
border with the bounding box’s left border {e.g., FIG. 8 shows three instances of this window
and, as illustrated, the window shares the same right border with the deep learning bounding
box). The dynamic distance estimation output platform 102 may then re-size the extracted
window and 1ts image content (e.g., through sampling and interpolation) to the common image
size used by the neural network. In the next step, the dynamic distance estimation output
platform 102 may process the re-sized image so that Haar-like feature responses may be
obtained from it and these responses may be fed to the neural network. In some instances, the
neural network may generate and output values providing an indication on the presence of the
back-size of the vehicle in the re-sized image. Additionally or alternatively, another window
for back-side vehicle detection may be generated by the dynamic distance estimation cutput
platform 102. The dynamic distance estimation output platform 102 may extract this second
window from the object detector’s bounding box starting on the right-side of the bounding box
and taking a different length than the one taken for the first window so that a different aspect
ratio 1s obtained. The dynamic distance estimation output platform 102 may then re-size this
second window to the common size and process it for Haar-like feature extraction. The
dynamic distance estimation output platform 102 may then feed the Haar-like feature responses
to the trained neural network to obtain a second neural network response. The dynamic distance
estimation output platforms 102 may continue this process by extracting a third and a fourth
window (e.g., several windows may be obtained) trom the bounding box so that different
window sizes with different aspect ratios are obtained and processed through the neural
network. The window that is selected {e.g., by the dynamic distance estimation output platform)
as the one that best fits the vehicle back-side may be the one that provided the strongest neural

network output response {the one closest to one).
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{0082} In some instances, once the best back-size window is detected within the bounding
box, the dynamic distance estimation ocutput platform 102 may use the width of this window as
a reference to perform lateral distance estimation calculations. In these instances, the width of
the best back-side window may represent the width of the vehicle In some instances, the
dynamic distance estimation output platform 102 may use the right-side corner of this window
as a reference point to perform lateral distance calculation. The lateral distance calculation
described above relied on a vehicle real-world width estimation of 1.8m. In contrast, in the
current lateral distance estimation method, the dynamic distance estimation output platform
102 might not make this assumption since it may identify the actual vehicle width detected
inside the bounding box. In some instances, the actual real width of the vehicle may be

calculated as follows:

Wreal = 222 (db, — db,) (6)
{0083] In the above equation Dy, ts the real world distance from the camera (e g, camera

104} to the bottom of the deep learning bounding box (calculation of this value is described
further above) | F is the camera’s focal length, db, 1s the orthogonal distance in pixels from
one of farthest edge of the back-side window (detected by the neural network as described
above) to the image representation of the primary line (the real-world primary line was
introduced with regard to FIG. 3 above) and db,is the orthogonal distance of the closest edge
of the back-side window to the image representation of the primary line. This Wreal can be

interexchanged for W in equation {4) above.

10084} With regards to the previous assumption about the detected vehicle being on the
adjacent lane to the right of the ego-vehicle, the dynamic distance estimation output platform
102 may also assume that such vehicle is located on the adjacent lane to the ego-vehicle’s left.
In these instances, the same method described above applies with the modification that the
windows being extracted from the bounding box {e.g., by the dynamic distance estimation
output platform) may be located to the left side of the bounding box. Whether a vehicle 13
towards the left side or the right side of the ego-vehicle may be determined, by the dynamic
distance estimation output platform 102, by evaluating the position of the bonding box’s center
of gravity and its posttion with respect to the vanishing point in the image. In some instances,

if the dynamic distance estimation output platform 102 determines that the center of gravity is
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located to the left of the vanishing point, then the detected vehicle may be deemed to be over
the left, and conversely to the right if the center of gravity is located to the right of the vanishing
point. In some instances, for vehicles that are in front of the ego-vehicle, the above lateral
distance method might not apply (e.g., because the vehicle is in front). Whether the dynamic
distance estimation output platform 102 determines that the detected vehicle is in front of the
ego-vehicle or located towards one of the sides of the ego-vehicle may be based on a threshold
for the distance between the bounding box’s center of gravity and the vanishing point. The
dynamic distance estimation output platform 102 may apply this threshold for example in these
situations where the vehicle in front is making a lane change and therefore a lateral distance is

needed on the calculations.

{0085} The dynamic distance estimation output platform 102 may applied the procedure
described above to detection of front-side of the vehicle as well. In these instances, the neural
network may be trained to detect front-side instead of back-side. The dynamic distance
estimation output platform 102 may apply the same method for extracting windows within the
bounding box. These cases may be relevant for driving scenarios where the road is divided in
two lanes {(e.g., with one lane for one traffic direction and the other lane for opposite direction}.
In these instances, the vehicles coming on the opposite direction in the adjacent lane may have
their front-side visible to the ego-vehicle, while their back-side 1s hidden from view. The same
methodology described above may be applied, by the dynamic distance estimation output
platform 102, to determine lateral distance by exploiting the knowledge of the detected

vehicie’s width.

{0086} An important consideration with regards to the method mentioned above is the fact
that the processing by the dynamic distance estimation output platforra 102 may be
hierarchical. In these instances, the deep learning detection of the vehicle by the dynamic
distance estimation output platform may happen first, which may provide the vehicle’s
bounding box. Then the detection of the back-side (or front-side} of the vehicle by the dynamic
distance estimation output platform 102 may happen second. In some instances, the search
space for the windows to be used on the neural network trained to detect back-sides {(or front-
sides) may be limited and contained inside the bounding box, which may speed-up processing
when compared to the alternative of searching for back-side of vehicles in the whole image.

Not only fast processing is obtained as a result of this hierarchical processing, but also greater



WO 2020/160155 PCT/US2020/015688
25

accuracy since the deep-learning detection provides a high confidence that the image content
inside will correspond and contain a vehicle’s back-side {or front-side) as opposed to a free-
floating whole image search that could produce several vehicle back-side false positives. These
advantages of hierarchical processing couples with the perspective transformation
methodologies provided in this patent allow for accurate lateral distance estimations for all
detected vehicles. An illustrative diagram of huerarchical processing is shown in graphic 8300,

which is tlustrated in FIG. 8.

{0087} Another capability of the dynamic distance estimation output platform 102,
described herein, that exploits the deep learning bounding-box detection coupled with
hierarchical processing and the perspective transformation methodology, is the determination
of vehicle heading for all vehicles detected in the field of view for the camera (e.g., the camera
104). In these instances, the dynamic distance estimation output platform 102 may take
advantage of the visibility of the vehicle’s wheels when the vehicle is located towards the left
or towards the right of the ego-vehicle {e.g., vehicles in front of the ego-vehicle are deemed to
have the same heading as the ego-vehicle). As previously described, when the vehicle is to the
right of the ego-vehicle, for example, three of the vehicle’s wheels may be visible {e.g., to the
camera 104) and particularly the two wheels on the left side of such vehicle {e.g, excluding
occlusion situations). Tn these instances, a neural network trained to detect wheels may be used
by the dynamic distance estimation output platform 102 to detect the locations of the each of
the two wheels on the vehicle’s right side. In these instances, the neural network may be trained
to detect wheels by using images of wheels on the side for a diversity of vehicles at different
distances fror the camera 104 (e g, there may be abundant datasets with hundreds of hours of
footage of vehicles in the road filmed with dash mounted cameras). In some instances, the
neural network training procedure may be performed by the dysamic distance estimation
output platform 102 as mentioned above by using a common window size, which is fed to the
input of the neural network. In these instances, images of wheels with different image sizes
may all be re-sized, by the dynamic distance estimation output platform 102, to the common
window size and the neural network may be trained with them so that detection, by the dynamic
distance estimation output platform 102, of the wheel is possible (in some instances, this
training may involve negative examples as well taken from the image contents of the bounding
box}. Once the neural network 1s trained the detection procedure may proceed as follows. First,

the deep learning bounding box may be detected by the dynamic distance estimation cutput
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platform 102, which may use this detection as a basis to launch the neural network based wheel
detection. The first step may involve the partitioning, by the dynamic distance estimation
output platform 102, of the bounding box in two parts. The first part may be the bounding box’s
segment that corresponds 1o the back-side detection. The second part may be the remaining
portion of the bounding box minus the first part. The second part may be divided equally, by
the dynamic distance estimation output platform 102, into two regions: an upper region and a
lower region. This may be done to provide some degree of image segmentation so that the
dynamic distance estimation output platform 102 may more etficiently search for the wheels
of the vehicle {e.g., which may be located on the lower regton). FIG. 9 provides an illustration
900 of this segmentation. The next step is to scan, by the dynamic distance estimation output
platform 102, this lower region by extracting square windows of different sizes and at different
positions. In some instances, each window may be re-sized by the dynamic distance estimation
output platform 102 to the common size window and fed to the neural network. In these
instances, the two strongest responses from the scan may provide detection, for the dynamic
distance estimation output platform 102, of the presence of the two wheels. In these instances,
the dynamic distance estimation output platform 102 may include a minimum detection

threshold for the wheel because one or both wheels may not be visible due to occlusion.

{0088} In some instances, once the wheels have been detected by the dynamic distance
estimation output platform 102, the dynamic distance estimation output platform 102 may have
each wheel’s corresponding window location (centroid) and its size. The next step may be to
determine, by the dynamic distance estimation output platform 102, the point of contact of each
wheel with the road. For this purpose, the dynamic distance estimnation output platformm 102
may search for the surrounding area around the middle of the bottom side of the window
corresponding to the neural network based wheel detection and may search for the highest
brightness transition between the dark color of the wheel and the color of the road at its Jowest
point (e.g., lowest in this case may mean the pixel closest to the bottom of the image but also
closest to the middle of the window so that the actual point of contact is considered). In practice,
there may be several pixels that may show contact with the road due to image quantization
effects. Nevertheless, in these instances, the pixel at the lowest point, according to the criteria
mentioned above, may provide a fairly accurate representation of the point of contact between
the wheel and the road. Since the dynamic distance estimation output platforra 102 used the

neural network trained on the outward appearance of the wheel, the point of contact detected
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according to the procedure mentioned above may be the one that is the most outward point
{(e.g., the point that is closest to the primary line) according to the visual appearance from the
camera 104’s point of view. Additionally, to the procedure mentioned above and as a second
order approximation to the point of contact, the dynamic distance estimation output platform
102 may enforce that the point of contact be the pixel that is closest on the real-world to the
primary line in addition to the criterion of being the lowest point in the image and closest to
the middle of the neural network detection window. By considering multiple criteria, a score
for each criterion may be generated by the dynamic distance estimation output platform 102,
and the point that achieves the highest sum of the score may be selected as the point of contact.
In some instances, the real world distance to the primary line may then be determined by the
dynamic distance estimation output platform 102 according to the procedures mentioned above
for lateral distance estimation. For instance, if the orthogonal distance in pixels from one of the
points of contact to the representation of the primary line 13 d,,¢p, then its real world distance
18 dopehreqi = 9—-39-& doren and here Dy, is the longitudinal distance of the point of contact {as
calculated using the same procedure described 1n equation 1, which in the current case uses the
vertical distance in the image plane between the vanishing point and the point of contact to
obtain D, ) and F is the camera’s focal length. Once the dynamic distance estimation output
platform 102 determines the points of contact for the wheels, it may obtain real world
longitudinal and lateral distances (e.g., over the ground plane) in reference to the ego-vehicle.
This may provide two vectors, each for one contact point. Therefore, in these instances, the
real~-world vector that connects these two contact points {e.g., which is obtained by subtracting
the two vectors mentioned before) may provide the detected vehicle heading as the angle that
this real-world vector makes with the ego-vehicle primary hine. An illustration 900 of this
processing is shown in FIG. 9. It should be noted that this heading may be relative to the actual
heading of the ego-vehicle. In order to calculate the absolute heading of the detected vehicle
then the dynamic distance estimation cutput platform 102 may add this heading angle to the

ego-vehicle heading,

{0089} An additional benefit of the hierarchical processing presented above 1s the ability
of the dynamic distance estimation cutput platform 102 to further extract vehicle information
to determine its heading. Tn particular, the dynamic distance estimation output platform 102

may resort to the upper and the lower regions inside the bounding box as they were defined
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above. In these instances, the dynamic distance estimation output platform 102 may resortto a
known computer vision algorithm for line detection called Line Segment Detection (LSD). By
using this algorithm, the dynamic distance estimation output platform 102 may detect all
possible lines within an image region. In these instances, the dynamic distance estimation
output platform 102 may run the LSD algorithm on the lower region and may detect the longest
non-vertical line that connects the two wheels {or their detected windows) previously detected
by the neural network. In these instances, the dynamic distance estimation output platform 102
may be able to detect the vehicle’s floor. In these instances, the non-vertical nature of the line
can be enforced by the dynamic distance estimation output platform 102 by ensuring that the
line’s angle with respect to the bottom side of the image plane has a maximum absolute value,
so that the dynamic distance estimation output platform 102 may consider lines that tend to be
horizontal in the image plane. The tloor line may have the additional attribute that this line is
closest to the ground plane connecting the two wheels and the only one presenting a significant
difference between the brightness above the line and below the line since the area above the
line s the vehicle’s frame, while the area below the line is the road (e.g., shadowed by the
vehicle}. In some instances, this floor line is a line detected, by the dynamic distance estimation
output platform 102, in the image plane. Figure 10 shows an illustration 1000 of the lower
region inside the bounding box and of different straight lines detected by the dynamic distance
estimation output platform 102 through LSD (e.g., even straight parts of non-straight lines are
detected by LSD). In some instances, the real-world line representing the vehicle’s floor may
be reasonably assumed to be parallel to the ground plane. Accordingly, any projection of this
line over the ground plane may be parallel to the floor line in the image plane. The next step is
to determine, by the dynamic distance estimation output platform 102, the real-world angle of
this line with respect to the ego-vehicle primary line (as shown above). Accordingly, the
dynamic distance estimation output platform may find the projection of the floor line over the
ground plane {e.g., the road). In this case, the dynamic distance estimation output platform 102
may resort to the point of contact for the posterior wheel of the vehicle (if this is not visible
due to occlusion we can resort to the point of contact for the front wheel) which may be located
on the visible side of the detected vehicle. In some instances, since the external surface of the
wheel may be reasonably on the same plane as the floor line detected, by the dynamic distance
estimation output platform 102, on the vehicle’s frame, the dynamic distance estimation cutput

platform 102 may use the wheel’s point of contact to perform the projection of the floor line
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over the ground plane. In these instances, the dynamic distance estimation output platform 102
may consider the line that connects the vanishing point (e.g., in the image plane} and the
wheel’s point of contact. This line may be over the ground plane and it may also be on the same
plane as the floor line (and parallel to it) due to the assumption described above just made.
Next, the dynamic distance estimation output platform 102 may draw vertical lines {in the
image plane) that go through the end-points of the floor line. The intersections between these
vertical lines and the line that connects the vanishing point and the wheel’s point of contact
may be the projections over the ground plane of the floor line’s end-points. By joining with a
straight fine these two projections, the dynamic distance estimation output platform 102 may

obtain the projection of the floor line over the ground plane.

{00906} The final step 1s for the dynamic distance estimation output platform 102 to
determine the real-world angle of the floor line’s projection with respect to the ego-vehicle
primary line (as described above). For this purpose, the dynamic distance estimation output
platform 102 may compute the orthogonal distance in pixels of the end-points of the floor line’s
projection to the representation of the primary line (which may be a vertical line in the nuddle
of the image frame passing through the vanishing point}. The dynamic distance estimation
output platform 102 may then convert these distances to the real world and determine the real-
world angle that the floor ling’s projection makes with the primary line using basic triangle
relations. To convert these distances to the real-world distances, the dynamic distance
estimation output platform 102 may use the same method outlined above to compute real-world

orthogonal distances to the primary line.

10091} In a similar manner as described above, it may also be possible to use the LSD
algorithm to calculate the roof hine for the vehicle. In these nstances, the dynamic distance
estimation output platform 102 may run the LSD algorithm on the upper region of the bounding
box (as it has been defined previously). Tu these instances, the dynamic distance estimation
output platform 102 may select, from all the lines detected by L8D, the longest non-vertical
line that is farthest away from the ground plane, which may be verified by taking the mean
orthogonal distances from each of the two line end-points to either the line that divides the
lower region from the upper region inside the bounding box, or to the tloor line. The dynamic
distance estimation output platform 102 may then average the two distances from both end-

points of the line detected by LSD. In some instances, the dynamic distance estimation output
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platform 102 may compare these averages among all the lines detected by LSD and then
selected the one providing the highest average. For the non-vertical nature of the line, the same
criteria considered above for the floor line may also be applied by the dynamic distance
estimation output platform 102 in this case. An additional attribute for selection by the dynamic
distance estimation output platform 102 in this method may be the variation in brightness
between the area below the selected line and the area above the line. In some instances, the
roof line may present the greatest variation in brightness because the area below the line may
correspond to the vehicle’s frame, while the area above the line may correspond to whatever
part of the scenery happens to be there (e.g., trees, the sky, or the like), which may be a different
color {and thus brightness) than the particular vehicle’s frame color. Therefore, the two criteria
mentioned above (farthest distance to ground plane and greatest brightness variation) may be
satisfied by the dynamic distance estimation output platform 102 simultaneously (e.g., the
dynamic distance estimation output platform 102 may rank all the lines according to these
criteria by assigning a score value for each criteria and then selecting the line that achieves the
greatest value after summing both scores). Once the roof-line is determined by the dynamic
distance estimation output platform 102, the computing platform may proceed as in the case
with the floor line and may project the roof line over the ground plane {e.g., using the posterior
or the front wheel point of contact). Then similarly, as it was done above for the floor line’s
projection, the dynamic distance estimation output platform 102 may obtain the orthogonal
distances between each end-point of the roof line’s projection and the primary line and may
convert these to real-world distances. Finally, after applying basic geometry relations, the
computing platform may find the real-world angle between the roof line’s projection and the
primary line, which may provide the dynamic distance estimation output platform 102 with
another way to calculate the instantaneous vehicle’s heading with respect to the ego vehicle’s

heading. The major points of procedure above are illustrated in FIG. 10.

{0092} As it can be observed, a number of methods are described herein to determine the
detected vehicle’s heading. These methods are shown, for example, in tllustration 1100, which
is shown in FIG. 11, Described herein are a method that finds the contact point of the wheels
on the vehicle’s side, and methods that provides the heading based on the vehicle’s floor line
and the heading based on the vehicle’s roof line. Since these methods may be affected by
different noise sources, they may be combined provide one single heading estimation that

exploits these three different sources of information. For this purpose, a Neural Network or a
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Support Vector Machine may be trained to determine the actual vehicle heading using, as
inputs, the heading information from the three socurces mentioned above, plus the longitudinal
and the lateral distance of the vehicle. In these instances, the longitudinal and the lateral
distances are included so that the neural network or svm learns to perform the corresponding
adjustments when the vehicle is far away as opposed to near the ego-vehicle. It is expected that
as the vehicle s located farther away, 1ts image may provide reduced definition and thus some
adjustments will be needed. This way, the learning machine may help to compensate for these
situations while still exploiting all the available information that can be extracted by the
dynamic distance estimation output platform through the hierarchical processing from the
bounding box. A complete diagram illustrating all the different processing that occurs to
determine a detected vehicle heading is provided in FIG. 11. In this case all the processing

starts with the deep learning object detection.

{0093] To generate a training set with the above mentioned characteristics, the dynamic
distance estimation output platform 102 may can collect image data using a forward facing
dash board mounted camera (e.g., camera 104) in an ego-vehicle driving approximately on a
straight trajectory and have another vehicle to be used as the detected vehicle visible through
the field of view of the camera 104. In some instances, a camera mounted inside the detected
vehicle pointing to the steering wheel may record all the steering wheel angles with time-
stamps {e.g., the steering wheel may have special markers painted to indicate all the angles).
On post processing, the steering angles can be correlated, by the dynamic distance estimation
output platform 102, to footage from the detected vehicle captured by the dash board camera
{e.g., camera 104} In soroe instances, another camera inside the ego-vehicle pointing to the
ego-vehicle’s steering wheel may be used to record the ego-vehicles steering angles {even
though the ego-vehicle 1s expected to rnove over a straight trajectory) and provide further
accuracy to the generation of ground truth data. In these instances, the data from the footage
may be processed by the dynamic distance estimation output platform 102 to generate the tree
types of heading angles through the bounding box hierarchical processing mentioned above
and the ground truth labels will be obtained from the data collected from the steering angles

captured by the footage from the inside cameras.

{0094} In some instances, the methods for lateral distance calculation described above may

be turther refined once the hierarchical processing of the bounding box is engaged by the
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dynamic distance estimation output platform 102, An alternate method that provides lateral
distance, applied by the dynamic distance estimation output platform 102, uses the line over
the ground plane that connects the point of contacts of the wheels that are on the visible side of
the vehicle. In the method above, the dynamic distance estimation output platform 102 obtained
the orthogonal distances from the points of contacts to the primary line. These orthogonal
distances were used by the dynamic distance estimation output platform 102 to determine the
heading angle with respect to the primary line, however, the dynamic distance estimation
output platform 102 may also compute the real-world orthogonal distance to the primary line
from the middle point of the line that connects the wheels points of contact. This last distance
may be a more accurate approximation of the lateral distance of side of the vehicle to the
primary line. In some instances, this may be the lateral distance from the side of the vehicle but
not the distance from the vehicle’s center of gravity. If this distance is needed, then the dynamic
distance estimation output platform 102 may add the vehicle’s half width to the lateral distance
of the vehicle’s side that was just computed. In some instances, the dynamic distance estimation
output platform 102 may add the actual width determined through the hierarchical processing
of the bounding box that uses Haar-like feature processing and a neural network to determine

the vehicle’s back-side and thus its corresponding real-world width,

{0095] In addition or as an alternative to the method that uses both wheel’s points of
contacts, the computing platform may resort to the floor line’s projection. In these instances,
the dynamic distance estimation output platform 102 may find the intersections {(e.g., in the
image plane} between this floor line projection and the deep learning’s bounding box, and may
take the middie point between the intersections. The dynamic distance estimation output
platform 102 may obtain the real-world distance between the middle point and the primary
fine. In a similar way, the dynamic distance estimation output platform 102 may also use the
roof line’s projection to compute the intersections and middle point and obtain the real-word

jateral distance between the primary line and the vehicle’s side.

{0096} In a similar way as mentioned above, the dynamic distance estimation output
platform 102 may use the three methods that have been presented herein to provide lateral
distance and train a neural network to provide a single lateral distance that exploits these three
methods. The dynamic distance estimation output platform 102 may add the original method

(the first method described herein); however, this method 1s meant to provide the lateral
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distance considering the back-side of the vehicle. Accordingly, the dynamic distance estimation
output platform 102 may adjust the original method and recalculate it for the middle of the
vehicle, which may involve adding, to the longitudinal distance, half of the vehicle’s length. In
this case, the vehicle’s length may be obtained by the dynamic distance estimation output
platform 102 as follows. The dynamic distance estimation cutput platform 102 may use the
vertical line that corresponds to the front-side of the bounding box and oune of the vertical lines
of the neural network detected back-side (the vertical line that is on the same side as the visible
side of the vehicle, for example if the left side of' the vehicle is visible then the dynamic distance
estimation output platform 102 may consider the left vertical line of the rectangular window
that corresponds to the neural network based detection of the vehicle’s back side). Next, the
dynamic distance estimation output platform 102 may intersect these vertical lines with the
floor line’s projection over the ground plane. In these instances, the two intersections may
provide an approximation to the end potnts of a line that may be as long as the vehicle’s length.
In some instances, determining the real-world length of this line may provide the vehicle’s
length. Now the dynamic distance estimation output platform 102 may adjust the original
lateral distance method to provide the lateral distance computed at the middle of the vehicle.
For trajectories that are parallel to the ego-vehicle trajectory this adjustment might not make a
difference. A diagram of the complete method to estimate lateral distance is provided in FIG.

12.

{0097} The training set for a neural network trained to provide lateral distances may be
obtained by the dynamic distance estimation output platform 102 by having the ego-vehicle
and another vehicle serving the purpose of a detected vehicle in an open area with the detected
vehicle positioned with respect to the ego-vehicle at different longitudinal and lateral distances
previously measured and marked on the ground plane. This may be a static way for the dynamic
distance estimation output platform 102 to generate labeled data. Additionally or alternatively,
a training set way be generated by the dynamic distance estimation output platform 102 on
motion by using a special marked tracks. This 15 shown, for example, in illustration 1200,

which is shown in FIG. 12.

{6098} For longitudinal distances, the methods previously described herein have relied on
the bottom of the bounding box. Additionally or alternatively, the dynamic distance estimation

output platform 102 may also use hierarchical processing to further refine this computation
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method. In some instances, the dynamic distance estimation output plattorm 102 may use the
posterior wheel point of contact detected through the neural network and may use it as a basis
to detect the other point of contact with the road for the other posterior wheel. In these instances,
where the side for the vehicle is visible (e.g., to the camera 104), the dynamic distance
estimation cutput platform 102 may could consider the horizontal line (referred to herein as
fine A in the image plane) that passes through the neural network detected point of contact and
find the point of contact for the other posterior wheel in the vehicle. In these instances, the
dynamic distance estimation output platform 102 may use the detected vehicle width (through
the vehicle’s back-stde) to approximate the area on the image where the other point of contact
should be. The dynamic distance estimation output platform 102 may also use the floor line’s
projection to consider a paraliel to this line that passes through the deep learning bounding box
corner (if the vehicle’s left side is visible then this will be the bounding box’s bottom right
corner). This line may be referred to herein as line B. The intersection of these two lines may
provide the dynamic distance estimation output platform 102 with the center of a search area
for the point of contact for the other posterior wheel. In these instances, the dynamic distance
estimation output platform 102 may search for the point that is further down (close to the
bottom of the image) and that provides the highest change in brightness while being the closest
to the intersection of lines A and B. In some instances, the highest change in brightness may
occur because the color of the wheel may be distinctively darker than the color of the road.
With the point of contact determined for the other posterior wheel, the dynamic distance
estirnation output platform may counsider a horizontal line that 1s closest to both contact points
and thus represents the line that will be the projection over the ground plane of the vehicle’s
posterior axle. It should be understood that no horizontal line may connect both points of
contact (e.g., because the vehicle may have be turning, or due to image guantization effects),
and that is why the horizontal line that is at the middle in between both contact points is
considered. With this new horizontal line, the dynamic distance estimation output platform 102
may re-calculate the longitudinal distance for the vehicle. Accordingly, this will be refinement
of the original method since the bottom side of the deep learning bounding box generally passes
through the points of contacts for the wheels.

10099} In these cases where the vehicle is in front of the ego-vehicle or too far away for the
vehicle’s side to be visible, the dynamic distance estimation output platform 102 may consider

a method that directly finds the wheels points of contact. In these instances, the dynamic
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distance estimation output platform 102 may determine rectangular search areas that are
located around the two bottom corners of the bounding box and search for the pixels that
provide the greatest change in brightness and that at the same time are the closest to the corners
of the bounding box. In these instances, the actual transition area for each posterior wheel may
be trained in a neural network so that a more adaptable mechanism is available to detect the
transitioning from wheel to road. The scanning region for a rectangular window detecting the
transition may be established by the dynamic distance estimation cutput platform 102 around
the two bottom corners of the deep learning bounding box. After the neural network provides
the highest response, the middle of the detection window may be used by the dynamic distance
estimation output platform 102 to determine the point of contact for the wheel After
determining the points of contacts for the wheels, the dynamic distance estimation output
platform 102 may connect these points of contact through a horizontal line in the same way as
described above and the dynamic distance estimation output platform 102 may compute the
fongitudinal distance to this horizontal line using the same equation as the one provided at the
beginning of this description. Hlustration 1700, which is shown in FIG. 17, provides an
tltustration of the windows referred above to be used for Neural Network. The scanning
window in this case may have different sizes and all of these sizes may be transformed to a
common size window for the neural network {which is similar to the procedure described above
for the neural network based detection of the wheels on the side of the vehicle). In these
instances, the distance from the camera 104 may be the actual points of contacts of the wheels,
and thus to obtain the distance to the back-side of the vehicle an adjpustment 18 needed. This
adjustment may be provided through an estimation based on the vehicle category determined
either from the classification provided by the deep learning detector or from the actual vehicle
dimensions obtained using the methods that will be described below (e.g,, to determine the real
world 3D size). Once the vehicle category {truck, sedan, bus, or the like} and some estimation
of its stze is determined, the adjustment based on the real-world distance between the posterior

wheels and the back-side of the vehicle may be provided.

{0100} With the methods described above, it may be possible to determine not only
heading, longitudinal and lateral distances, but also the vehicle dimensions. As described
above, the actual real-world vehicle width may be determined by the dynamic distance
estimnation output platform 102 through the bounding box hierarchical processing that finds the

width using Haar-like features and the neural network. In some instances, the vehicle length
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may be determined by the dynamic distance estimation output platform 102 through the
projection on the ground plane of the floor line’s projection and the intersection of this line
with the deep learning bounding box. The vehicle height may be determined by the dynamic
distance estimation output platform 102 through the roof line and its projection over the ground
plane. In these instances, the dynamic distance estimation output platform 102 may use the
vertical Hines from the roof line end-points to the line that conunects the vanishing point with the
posterior {or front) wheel point of contact. In these instances, the real-world distances of these
vertical lines may provide the height of the vehicle (e.g., from the roof to the ground plane). In
some instances, due to noise on the different detections 1nvolved these vertical lines will not
have the same length. Accordingly, the vehicle height may be estimated by the dynamic
distance estimation output platform 102 as the average of the two real-world distances of the

vertical lines. This is shown, for example, in illustration 1200, which is shown in FIG. 12

{0101} Even though the deep learning object detection may provide the ability to classify
the vehicles as trucks, buses, and sedan cars, the ability to determine real-world vehicle
dimensions may provide an additional corroboration on vehicle type, since the vehicle
dimensions may provide an accurate way 10 determine vehicle category. Even within sedan
types, there may be small (e.g., compact size) vehicles that might not be distinguished by the
deep learning detector. Simularly, 1o some instances, there may be different bus sizes, which
might not be distinguished by deep learning etther. In these instances, the size of the detected
vehicle may provide useful information in terms of determining risk for the ego-driver,
especially under situations where erratic and unsate maneuvers are detected for a given vehicle.
For instance, an unsafe driver piloting a larger vehicle may become more dangerous and
preventive actions should to be taken. FIG. 13 shows an illustration on how to obtain the three

real world vehicle dimensions according to the methods described above.

{0102} The heading determination methods described previously provide instantaneous
heading information, which might only use image content information for one image frame. It
is possible, however, to provide heading information based on content from two or more
frames. This heading information may be used by the dynamic distance estimation cutput
platform 102 as corroboration of the heading information generated by the previous methods

that work with a single image frame.
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{0103} In some instances, the dynamic distance estimation output platform 102 may
generate a short trajectory. For example, the short trajectory may be based on two frames and
may provide two real-world positions over the ground plane (e.g., the road), and the real-world
vector that connects these two positions may provide an angle that this vector makes with
respect to the ego vehicle’s primary line. Thus, the dynamic distance estimation output platform
102 may use this angle to determine the detected vehicle’s heading with respect to the ego-
vehicle’s own heading. In some instances, a minimum of two image frames may be used by
the dynamic distance estimation output platform 102, however more than two image frames
may provide more heading values (e.g., by using additional vectors based on the additional
positions provided by the additional image frames). Since the physics of vehicle motion may
make it difficult for a vehicle to change significantly its heading on the short time frame of
three or more image frames {e.g., at 30 frames per second this would correspond to 0.1 seconds)
the ability to obtain several heading values may allow the dynamic distance estimation output

platform 102 to provide a more accurate heading estimation through averaging.

{0104} To determine a heading for the ego-vehicle to the dynamic distance estimation
output platform 102 may resort to some reference on the driving scene so that such reference
may be used by the dynamic distance estimation output platform 102 to establish ego-vehicle
heading with respect to that reference. Since the dynarsic distance estimation output platform
102 may assume a road in front of the ego-vehicle, the dynamic distance estimation output
platform 102 may use several methods to detect the road boundary through lane boundary
detection based on computer vision. In these instances, methods based on homography
transformation (also known as 1overse perspective mapping) coupled with blob detection may
allow for reliable road boundary detection by the dynamic distance estimation output platform
102. The detected lane boundary may provide a reference that may be compared by the dynamic
distance estimation output platform 102 against the primary line. In these instances, two potnts
over the lane boundary may be selected (¢.g., the pixels that are on the border of the lane that
is closer to the primary line) by the dynamic distance estimation output platform 102 and real-
world orthogonal distances to the primary line may be estimated by the dynamic distance
estimation output platform 102 for both points. For this purpose, the dynamic distance
estimation output platform 102 may find a horizontal line (e.g., in the image plane) drawn from
each selected pixel in the road boundary lane to the image representation of the primary line

and may find the corresponding real-world distance corresponding to this line using the
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relations presented previously above for lateral distance determination. Using simple geometry
relations, the dynamic distance estimation output platform 102 may determing the angle that
the lane boundary has with respect to the primary line. In these instances, this same angle may
be the heading that the ego-vehicle has with respect to the road boundary. In these instances,
this may be the absolute ego-vehicle heading and may be used by the dynamic distance
estimation output platform 102 to determine the absolute heading for all the detected vehicles
in the image. The heading methods previously described above provided the relative heading
with respect to the ego-vehicle’s primary line. In contrast, using the methods described herein,
the relative heading for each detected vehicle may be added to the absolute heading for the ego-
vehicle by the dynamic distance estimation output platform 102 and used to determine absolute
heading with respect to the road boundary for each detected vehicle in the image. IHustration
1400, which is shown in FIG. 14, provides an iHustration of the calculations to obtain the
vehicle heading according to the method described above. In this figure the only variable that
is not identified 1s i which is the height of the camera that is mounted on the ego-vehicie and
that provides all the imagery that is used for the methods describes herein. In these instances,

the actual vehicle heading angle is 90-a because the lane boundary line is the reference.

{0105} The deep learning bounding box may be used by the dynamic distance estimation
output platform 102 to provide useful information for driving risk assessments (or any other
driving related task} for objects other than vehicles. Accordingly, since the dynamic distance
estimation cutput platform 102 may use deep learning to detect bicyclists, then the dynamic
distance estimation output platform 102 may can exploit the methodologies described herein
to provide the information on the trajectory. In one or more instances, the bounding box that
contains the bicyclist image may be used by the dynamic distance estirnation output platform
102 to determine his or her position. In these instances, the dynamic distance estimation output
platform 102 may use the bottom of the bounding box in the same way as described above for
the vehicles to determine position with respect to the ego-vehicle’s camera (e.g., camera 104).
In these nstances, longitudinal and lateral distances to the bicyclists may be provided by the
dynamic distance estimation cutput platform. The position information over two image frames
may be used by the dynamic distance estimation output plattorm 102 to determine the bicyelist
heading with respect to the ego-vehicle primary line by determining the vector connecting the
bicyclist position over two consecutive image frames (as described above with regard to the

detected vehicles). Several measurements of bicyclist heading are possible over time by using
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more additional image frames, which may improve the heading estimation through averaging
of the heading values across consecutive image frames. In a similar manuner as described above
for the detected vehicles, the bicyclist relative speed and relative acceleration with regards to
the ego-vehicle may be determined by the dynamic distance estimation output platform 102 by
using bicyclist positions over consecutive frames. Absolute speeds and accelerations for the
detected bicyclist may be determined by the dynamic distance estimation output platform 102
by adding the relative speeds and acceleration vectors to the ego-vehicle absolute speed and

acceleration vectors.

{0106} In addition to the speeds and accelerations, the dynamic distance estimation output
platform 102 may apply the previous methodologies described herein to determine the real-
world size of the bicyclist. In these instances, given the deep learning bounding box, the
dynamic distance estimation output platform 102 may take the distance {e.g., in the image
plane) between the top side and the bottom side, and may determine the real-world conversion
of this distance, using the same methods presented before. In these instances, the dynamic
distance estimation output platform 102 may resort to the longitudinal distance to the bicyclist
to perform the real-world conversion. In some instances, this real-world distance may provide
the height of the bicyclist and may be used to distinguish between an adult bicyclist and a child
bicyclist. This 1s important information o assess risk and this might not be provided by the

deep learning object detector.

{0107} The same methods provided above for bicyclists may be applied to pedestrians. The
real-world longitudinal distance, lateral distance, relative speed, relative acceleration, absolute
speed, absolute acceleration, relative and absolute heading, and pedestrian trajectory may be
provided by the dynamic distance estimation output platform 102, Additionally, the same
methods may be applied to determine pedestrian size and thus distinguish an adult pedestrian
from a child pedestrian, which 15 information that might not be provided by the deep learning
detector. Hlustration 1500 of FIG. 15 provides an illustration of the method to determine size
for pedestrians and bicyclists. In this figure, the only variable that is not identitied is h which

is the height of the camera above the ground plane.

{0108} For these objects that are not recognized by the deep learning object detector, the
methods described herein might not allow any determination of distance, positioning, speed,

and other metrics. Therefore the deep learning object detector may be important for the
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determination of risk, or other driving application. There are situations, however, where for
detector accuracy (ability to identify) or just because the moving object is unknown and does
not fit any of the categories for which the object detector was trained. In these cases, however,
it remains important to detect moving objects regardless of the deep learning detector ability

to identify them.

10109} A method that would allow detecting any object on the scenario in front of the ego-
vehicle may exploit the perspective transformation methods described herein and the ability to
work with pixel content on regions of the image. Accordingly, a region of the image frame
around the far end of the road may be selected for analysis by the dynamic distance estimation
output platform 102, This region may be processed by the dynamic distance estimation output
platform 102 first to perform image segmentation (several algorithms, such as region growing
algorithms, for image segmentation may be used in these instances) on it 5o that any object
within this region may be detected using available methods in the literature to perform such
segmentation. In these instances, any detection achieved by the deep learning object detector
may be removed from consideration by the dynamic distance estimation output platform 102
excluding the corresponding bounding box from the image segmentation processing. This may
be performed by the dynamic distance estimation output platform 102 since the area covered
by the bounding box may already be 1dentified. The result of performing image segmentation
for the region mentioned above may be a group of blobs, which may correspond to different
elements in the image that might not have been detected/identified by the deep learning
detector. The next step 1s for the dynamic distance estimation output platform 102 to compute
the centroid for each blob detected. The centroid may be obtained by the dynamic distance
estimation output platform 102 by obtaining the center of gravity of the outer most pixels
located at the blob boundary. The outer most pixels may be sampled by the dynamic distance
estimnation output platform 102 from the boundary at some given interval around the boundary
of the blob. The sampling process may be achieved by the dynamic distance estimation output
platform 102 by superposing a grid over the blob and selecting the pixel that is closest to the
center of one of the squares in the grid. Once the center of gravity is determined by the dynamic

distance estimation cutput platform 102 for all the blobs, the centers of gravity may be stored.
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{0110} The next step in this process is to anticipate what the locations for the blobs will be
after some period of time, which may be used to determine if some of these blobs moved over
this time. For instance, after 0.5 seconds the ego-vehicle may move forward and, according to
the current ego-vehicle speed, it may be possible for the dynamic distance estimation output
platform 102 to determine the positions that the centers of gravity for the detected blobs will
have considering that such blobs will be static in the real world but that due to the ego-vehicle
motion may have moved in the image plane according to the laws of perspective
transformations. For example, a blob in the image corresponding to a static object on the road
shoulder may have moved tn the image plane following a trajectory in the image plane that will
be a straight line that connects the vanishing point and the location of the center of gravity that
was detected for this blob previously {e.g., 0.5 seconds ago}. This static blob should appear on
the subsequent image frames with its center of gravity located on the same straight line. This
straight line in the real world may correspond to a line that is parallel to the ego-vehicle’s
primary line. The previous method may be applied by the dynamic distance estimation output

platform 102 to all the blobs in the image.

{0111} The next step is for the dynamic distance estimation output platform 102 to take
another region on the image plane that corresponds in size to the region considered 0.5 seconds
in the past. The objective 1s to consider this other region so that the real-world content that was
evaluated 0.5 seconds ago may be re-evaluated in the present, according to the proper image
dimensions that would correspond to the new sizes in the image plane that such objects will
achieve due to the perspective transformations. For example, since the ego-vehicle moves
forward, the blobs corresponding static object 0.5 seconds ago may appear bigger on the image
plane. On the new image region being considered for the present, a new image segmentation
process roay be performed over this image by the dynamic distance estimation output platform
102 and all the blobs may be detected. As it was done for the original image region, the
centroids for the newly detected blobs may be computed by the dynamic distance estimation
output platform 102 using a grid to sample pixels on the blobs boundary. The centroids for the
new blobs may be compared, by the dynamic distance estimation output platform 102, against
the centroids that were anticipated in the previous step for the blobs that were considered
originally. In these instances, due to proximity of centroids, the dynamic distance estimation
output platform 102 may identity which blobs are being correlated between the current image

region and the image region from 0.5 seconds ago. If a significant difference between centroids
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for the same blob is detected (controlled by a threshold that determines a minimum
displacement}, the dynamic distance estimation output platform 102 may determine that such
blob has moved in the time frame of 0.5 seconds and thus such biob might not be static. An
iltustration of the scenario with a static blob is presented in illustration 16, which is shown in

FiG. 16, In FIG. 106, only two image regions at t=0 seconds and t=0.5 seconds are presented.

{0112} If the blob is not static, then the dynamic distance estimation output platform 102
may launch a tracking process that stores all the centers of gravity for the non-static blob and
may use these centroids to determine a trajectory and to extrapolate such trajectory. In these
instances, the dynamic distance estimmation output platform 102 may use the previously
described methodologies to determine the position of the blob in the real-world, and to calculate
its speed and acceleration. It is important for the dynamic distance estimation output platform
102 to determine if this blob and its current and extrapolated trajectory are in collision course
with the ego-vehicle, which would provide a general protection ruethod for the ego-vehicle to
react on any type of object that could appear moving towards the ego-vehicle. This detection
by the dynamic distance estimation output platform 102 may include static objects that might
not move but that may be on the current trajectory of the ego-vehicle, which may trigger a
collision warning for the ego-vehicle. Detection over subsequent frames by the dynamic
distance estimation output platforra 102 may continue to be performed to keep track of the
vehicle, For instance, another image region may be evaluated by the dynamic distance
estimation output platform 102 1 second after the first image frame, and another image region
may be evaluated 1.5 seconds after. The interval of 0.5 seconds may be reduced when the
absolute of the ego-vehicle increases 50 that the detection of moving objects may be performed
by the dynamic distance estimation output platform 102 fast enough so that warnings of

possible future collisions may be provided with enough anticipation.

{0113} Additionally, the detection of any object in this way may provide an additional layer
of protection for the ego-vehicle for these cases where the deep learning detector may fail to
detect a vehicle, a bicyclist, a pedestrian, or the like. The segmentation processing mentioned
above may be performed using computer vision algorithms running on the CPU. Although
certain methods of image segmentation favor CPU processing in terms of accuracy instead of
deep-learning/GPU processing, future deep learning developments may improve the state of

the art for segmentation and in this case the methods of the current invention may be realized
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through deep-learning running general image segmentation. In this latter case, a GPU may be
dedicated to image segmentation tn addition to the GPU dedicated to the deep-learning object

detection that has been referenced several times herein.

10114} In one or more instances, one or more of the systems described herein may include
a dynamic distance estimation ouiput platform (e g, dynamic distance estimation output
platform 102) and a communication interface {e. g, a mobile phone, built-in vehicle displays
unit or separate display unit) configured to receive real-time driver alerts while a vehicle 1s
being driven. In these instances, the one or more of the systems described herein may comprise
a memory storing computer-executable instructions that, when executed by the at least one
processor, cause the one or more of the systems described herein to activate driver risk alerts
and warnings such as forward collision warning, lane departure warning, pedestrian and cyclist
proximity warnings, neighbor car proximity warning, driver risk and driver scoring.
Additionally or alternatively, the computer-executable instructions, when executed by the at
jeast one processor, may cause the one or more of the systems described heretn to activate
driver risk/scoring that can also be used to update the insurance database and policy parameters
of the tnsurance policy with driver-specific risk and display updated insurance policy
information resulting from the dynamic distance output platform. For example, the
communication interface may cause display of a graphical user interface similar to graphical

user interfaces 1800 and/or 1900, which are shown in FIGs. 18 and 19, respectively.

{0115} One or more aspects of the disclosure may be embodied in computer-usable data or
computer-executable instructions, such as in one or more program modules, executed by one
or more computers or other devices to perform the operations described herein.  Generally,
program modules include routines, programs, objects, components, data structures, and the fike
that perform particular tasks or implement particular abstract data types when executed by one
Or more processors in a computer or other data processing device. The computer-executable
instructions may be stored as computer-readable instructions on a computer-readable medium
such as a hard disk, optical disk, removable storage media, solid-state memory, RAM, and the
like. The functionality of the program modules may be combined or distributed as desired in
various embodiments. In addition, the functionality may be embodied in whole or in part in
firmware or hardware equivalents, such as integrated circuits, application-specific integrated

circuits {ASICs), field programmable gate arrays (FPGA), and the like. Particular data
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structures may be used to more effectively implement one or more aspects of the disclosure,
and such data structures are contemplated to be within the scope of computer executable

instructions and computer-usable data described herein.

{0116} Vartous aspects described herein may be embodied as a method, an apparatus, or as
one or more computer-readable media storing computer-executable instructions. Accordingly,
those aspects may take the form of an entirely hardware embodiment, an entirely software
embodiment, an entirely firmware embodiment, or an embodiment combining software,
hardware, and firmyware aspects in any combination. In addition, various signals representing
data or events as described herein may be transferred between a source and a destination in the
form of light or electromagnetic waves traveling through signal-conducting media such as
metal wires, optical fibers, or wireless transmission media (e.g, air or space). In general, the
one or more computer-readable media may be and/or include one or more non-transitory

computer-readable media.

{0117} As described herein, the various methods and acts may be operative across one or
more computing servers and one or more networks. The functionality may be distributed in
any manner, or may be located in a single computing device {e.g., a server, a client computer,
and the like). For example, in alternative embodiments, one or more of the computing
platforms discussed above may be combined into a single computing platform, and the various
functions of each computing platform may be performed by the single computing platform. In
such arrangements, any and/or all of the above-discussed communications between computing
platforms may correspond to data being accessed, moved, modified, updated, and/or otherwise
used by the single computing platform. Additionally or alternatively, one or more of the
computing platforms discussed above ray be implemented in one or more virtual machines
that are provided by one or more physical computing devices. In such arrangements, the
various functions of each computing platform may be performed by the one or more virtual
machines, and any and/or all of the above-discussed communications between computing
platforms may correspond to data being accessed, moved, modified, updated, and/or otherwise

used by the one or more virtual machines.

{0118} Aspects of the disclosure have been described in terms of illustrative embodiments
thereof Numerous other embodiments, modifications, and variations within the scope and

spirit of the appended claims will occur to persons of ordinary skill in the art trom a review of
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this disclosure. For example, one or more of the steps depicted in the illustrative figures may
be performed in other than the recited order, and one or more depicted steps may be optional

in accordance with aspects of the disclosure.
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WHAT IS CLAIMED IS:

L. A computing platform, comprising:
at least one processor;
a communication interface communicatively coupled to the at least one processor; and

memory storing computer-readable instructions that, when executed by the at least one

processor, cause the computing platform to:

receive, from a visible light camera located in a first vehicle, a video cutput
containing video footage of a second vehicle, wherein the second vehicle is in front of

the first vehicle;
determine, using one or more deep learning algorithms, a longitudinal distance
between the tirst vehicle and the second vehicle by determining an orthogonal distance
between:
a center-of-projection corresponding to the visible light camera, and
an intersection of a backside plane of the second vehicle and ground
below the second vehicle, wherein using the one or more deep learning
algorithms comprises:
determining a bounding box that covers visible dimensions of
the second vehicle, wherein the bounding box is used to determine the
iongitudinal distance between the first vehicle and the second vehicle,
and
send, to one or more of: a vehicle control system and a mobile device, a distance
estimation output corresponding to the longitudinal distance, wherein sending the

distance estimation output causes one or more of:

the vehicle control system to perform one or more vehicle control
actions, or
the mobile device to cause display of a graphical user interface based
the distance estimation output.
2. The computing platform of claim 1, wherein the vehicle control system

comprises an autonomous vehicle control system.
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3. The computing platform of claim 2, wherein determining the longitudinal distance

between the first vehicle and the second vehicle comprises:

computing -;:5- wherein #1s a focal length of the visible light camera measured in pixels,
H is a height of the visible light camera, and 15 a pixel distance between a vanishing point of
an image frame and a bottom of the bounding box.
4. The computing platform of claim 3, wherein:

the image frame comprises a frame of the visible light camera and wherein the
vanishing point comprises a point where lines, parallel when viewed in reality, are no longer

parallel in the image frame due to perspective transformations; and

the one or more vehicle control actions comprise one or more of. causing the first
vehicle to maneuver or causing display of a user interface indicating the distance estimation

output..

5. The computing platform of claim 1, wheretn the memory stores additional computer-
readable instructions that, when executed by the at least one processor, cause the computing

platform to:

generate a conversion function that maps a two dimensional perceived width, on an
image frame of the video footage of the second vehicle, to the longitudinal distance between
the first vehicle and the second vehicle; and

perform the conversion function to determine the longitudinal distance between the first
vehicle and the second vehicle.
6. The computing platform of claim 1, wheretn the memory stores additional computer-

readable instructions that, when executed by the at least one processor, cause the computing

platform to:

determine first longitudinal distances to one or more static objects in a first frame of the

video footage;

determine second longitudinal distances to the one or more static objects in a second

frame of the video footage; and



WO 2020/160155 PCT/US2020/015688

48

determine an absolute speed of the first vehicle by dividing a difference between the
first longitudinal distances and the second longitudinal distances by an amount of time between

the first frame and the second frame.
7. The computing platform of claim 6, wherein the one or more static objects correspond
to a light pole, a telephone pole, a traffic light pole, a street sign, or a building corner.
8. The computing platform of claim 1, wherein the memory stores additional computer-
readable instructions that, when executed by the at least one processor, cause the computing
platform to:
wdentify, using one or more of: a trained neural network or a brightness transition
detection method, contact points for posterior wheels in the first vehicle,
9. A computing platform, comprising;
at least one processor;
a commuunication interface communicatively coupled to the at least one processor; and
menmory storing computer-readable instructions that, when executed by the at least one
processor, cause the computing platform to:
receive, from a visible light camera located 1n a first vehicle, a video output
containing video footage of a second vehicle, wherein the second vehicle is in front of
the first vehicle;
determine that the second vehicle is off center from the first vehicle;
determine, after determining that the second vehicle ts oft center from the first
vehicle, a lateral distance between:

a line that is orthogonal to an image plane of the visible light camera and
that starts at a projection over a ground plane of a center of projection of the
visible light camera, and

a middle of a backside of the second vehicle; and
send, to an autonomous vehicle control system, a distance estimation output

corresponding to the lateral distance, wherein sending the distance estimation output
causes the autonomous vehicle control system to perform one or more vehicle control

actions.
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10, The computing platform of claim 9, wherein the memory stores additional computer-
readable instructions that, when executed by the at least one processor, cause the computing

platform to:

determine a bounding box that covers visible dimensions of the second vehicle, wherein
determining that the second vehicle is off center from the first vehicle is based on the bounding

box.

I The computing platform of claim 10, wherein the memory stores additional cormputer-
readable instructions that, when executed by the at least one processor, cause the computing

platform to:

determing a longitudinal distance between the first vehicle and the second vehicle,
wherein the distance estimation output includes an indication of the longitudinal distance in

addition to the lateral distance.

12, The computing platform of claim 11, wherein the longitudinal distance is determined
prior to the lateral distance, and wherein the longitudinal distance is used to calculate the lateral

distance.

13. The computing platform of claim 12, wherein the memory stores additional computer-
readable instructions that, when executed by the at least one processor, cause the computing

platform to:

determine a distance (d4), within the image plane of the visible light camera,
representative of a distance between a bottom left comer of the bounding box and an
intersection between a vector representing the longitudinal distance and a plane of the bounding

box.

14, The computing platform of claim 13, wherein the memory stores additional computer-
readable instructions that, when executed by the at least one processor, cause the computing
platform to:

' : . d4D
determine the lateral distance by calculating 2% F"m

L;i, where Dy, 1s the longitudinal
distance, /' is a focal length of the visible light camera measured in pixels, and ¥ is a width of
the second vehicle,

1S, The computing platform of claim 14, wherein the width of the second vebicle is

determined based on information from a vehicle attribute database.
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16. The computing platform of claim 12, wherein the memory stores additional computer-
readable instructions that, when executed by the at least one processor, cause the computing
platform to:

verify the longitudinal distance by re-calculating the longitudinal distance using a

different method of calculation than was initially used to calculate the longitudinal distance.

17. The computing platform of claim 16, wherein the memory stores additional computer-
readable instructions that, when executed by the at least one processor, cause the computing
platform to:

; . . . N . . Fw
calculate a two dimensional width (w) of the second vehicle by calculating >

. wherein

lon

Dion 18 the longitudinal distance, £ 1s a focal length of the visible light camera measured in
pixels, and ¥ is a width of the second vehicle.

I8. The computing platform of claim 17, wherein the memory stores additional computer-
readable instructions that, when executed by the at least one processor, cause the computing

platform to:
L . . FW
re-calculate the longitudinal distance by calculating g
19, A computing platform, comprising:
at least one processor;
a communication interface communicatively coupled to the at least one processor; and
memory storing computer-readable instructions that, when executed by the at least one
processor, cause the computing platform to:
receive, from a visible light camera located in a first vehicle, a video output
containing video footage of one or more additional vehicles;
determine a first longitudinal distance and a first lateral distance with respect to
each of the one or more additional vehicles at a first frame of the video footage,
resulting in first distances;
determine a second longitudinal distance and a second lateral distance with
respect to each of the one or more additional vehicles at a second frame of the video

tootage, resulting in second distances;
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determine, for each of the one or more additional vehicles, a relative speed by:

determining a difference between the first distances and the second

distances, and

dividing the difference by an amount of time between the first frame and

the second frame;

determine, for each of the one or more additional vehicles, a relative
acceleration by dividing the relative speed by the amount of time between the first frame

and the second frame; and

deternine, for each of the one or more additional vehicles, an absolute speed by
adding a speed of the first vehicle to the respective vehicle’s relative speed.
20, The computing platform of claim 19, wherein the memory stores additional computer-

readable instructions that, when executed by the at least one processor, cause the computing

platform to determine an absolute acceleration for the first vehicle by:

determining a difference between a first absolute speed of the first vehicle at the first
frame and a second absolute speed of the first vehicle at the second frame;

dividing the difference between the first absolute speed of the first vehicle at the first
frame and the second absolute speed of the first vehicle at the second trame; and

determining, for each of the one or more additional vehicles, an absolute acceleration
by adding the absolute acceleration of the first vehicle to each of the one or more additional

vehicle’s respective relative accelerations.
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This international search report has not been established in respect of certain claims under Article 17(2)(a) for the following reasons:

1. D Claims Nos.:
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2. I:] Claims Nos.:
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3. D Claims Nos.:

because they are dependent claims and are not drafted in accordance with the second and third sentences of Rule 6.4(a).
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This Intemmational Searching Authority found multiple inventions in this international application, as follows:

This application contains the following inventions or groups of inventions which are not so linked as to form a single general inventive
concept under PCT Rule 13.1. In order for all inventions to be examined, the appropriate additional examination fee must be paid.

Group |I: Claims 1-8 are directed towards determining a longitudinal distance between two vehicles using deep learning algorithms and a
bounding box.

Group lI: Claims 9-18 are directed towards determining a lateral distance between two off center vehicles.

Group lil: Claims 19-20 are directed towards determining lateral and longitudinal distance and speed between vehicles.
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claims.
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3. D As only some of the required additional search fees were timely paid by the applicant, this international search report covers
only those claims for which fees were paid, specifically claims Nos.:

4. K{ No required additional search fees were timely paid by the applicant. Consequently, this international search report is restricted
to the invention first mentioned in the claims; it is covered by claims Nos.:

1-8

Remark on Protest D The additional search fees were accompanied by the applicant’s protest and, where applicable, the
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[:I The additional search fees were accompanied by the applicant’s protest but the applicable protest
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-***-Continued from Box No. Ill Observations where unity of invention is lacking-***-

The inventions listed as Groups I-Iif do not relate to a single general inventive concept under PCT Rule 13.1 because, under PCT Rule
13.2, they lack the same or corresponding special technical features for the following reasons:

The special technical features of Group | include at least determine, using one or more deep learning algorithms, a longitudinal distance
between the first vehicle and the second vehicle by determining an orthogonal distance between: a center-of-projection corresponding to
the visible light camera, and an intersection of a backside plane of the second vehicle and ground below the second vehicle, wherein
using the one or more deep learning algorithms comprises: determining a bounding box that covers visible dimensions of the second
vehicle, wherein the bounding box is used to determine the longitudinal distance between the first vehicle and the second vehicle; and
send, to one or more of: a vehicle control system and a mobile device, a distance estimation output corresponding to the longitudinal
distance, wherein sending the distance estimation output causes one or more of: the vehicle control system to perform one or more
vehicle control actions, or the mobile device to cause display of a graphical user interface based the distance estimation output, which
are not present in Groups {I-ii. ’ - :

The special technical features of Group [l include at least determine that the second vehicle is off center from the first vehicle; determine,
after determining that the second vehicle is off center from the first vehicle, a lateral distance between: a line that is orthogonal to an
image plane of the visible light camera and that starts at a projection over a ground plane of a center of projection of the visible light
camera, and a middle of a backside of the second vehicle; and send, to an autonomous vehicle control system, a distance estimation
output corresponding to the lateral distance, wherein sending the distance estimation output causes the autonomous vehicle contro!
system to perform one or more vehicle control actions, which are not present in Groups | and Ill.

The special technical features of Group |l include at least determine a first lateral distance with respect to each of the one or more
additional vehicles at a first frame of the video footage, resulting in first distances; determine a second longitudinal distance and a second
lateral distance with respect to each of the one or more additional vehicles at a second frame of the video footage, resulting in second
distances; determine, for each of the one or more additional vehicles, a relative speed by: determining a difference between the first
distances and the second distances, and dividing the difference by an amount of time between the first frame and the second frame;
determine, for each of the one or more additional vehicles, a relative acceleration by dividing the relative speed by the amount of time
between the first frame and the second frame; and determine, for each of the one or more additional vehicles, an absolute speed by
adding a speed of the first vehicle to the respective vehicle's relative speed, which are not present in Groups I-I1.

The common technical features shared by Groups |-l are a computing platform, comprising: at least one processor; a communication
interface communicatively coupled to the at least one processor; and memory storing computer-readable instructions that, when
executed by the at least one processor, cause the computing platform to: receive, from a visible light camera located in a first vehicle, a
video output containing video footage of one or more additional vehicles; wherein the second vehicle is in front of the first vehicle;
determine a first longitudinal distance.

However, these common features are previously disclosed by WO 2018/151754 A1 to TELANON, INC (hereinafter “Telanon”). Telanon
discloses a computing platform, comprising: at least one processor; a communication interface communicatively coupled to the at least
one processor; and memory storing computer-readable instructions that, when executed by the at least one processor, cause the
computing platform to (a central processing unit 16 connected to a communications data bus (interface) and comprising an active
memory software with decision logic (computer readable instructions) to evaluate a target object; page 15 lines 10-17; page 16, lines
20-25; page 31, lines 6-8; figure 1): receive, from a visible light camera located in a first vehicle, a video output containing video footage
of one or more additional vehicles (receive, from a visible light sensor using CCD technology (camera) in a host (first) vehicle following
another (additional) moving vehicle; page 11, lines 4-9; page 20, lines 23-25; page 38, lines 26-31; claim 1 of Telanon), wherein the
second vehicle is in front of the first vehicle (the host vehicle is following another vehicle (in front); page 20, lines 23-25) determine a first
longitudinal distance (calculate a longitude distance; page 26, lines 6-11).

Since the common technical features are previously disclosed by the Telanon reference, these common features are not special and so
Groups -1l lack unity.
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