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(57) Abstract: Systems and processes can reduce an amount of training da-
ta used to generate a machine learning model while maintaining or improv-
ing a resultant of the machine learning model. The amount of training data
may be reduced by pre-processing the training data to normalize the training
data. The training data may include images of portions of an elongated ob-
ject, such as a road. Each of the images can be normalized by, for example,
rotating each of the images such that the depicted roads are horizontal or
otherwise share the same angle. By aligning disparate images of roads, it is
possible to reduce the amount of training data and to increase the accuracy
of the machine learning model. Further, the use of normalized images by the
machine learning model enables a reduction in computing resources used
to apply data to the machine learning model to, for example, identify lane
markings within images.
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USING IMAGE PRE-PROCESSING TO GENERATE A MACHINE LEARNING MODEL

INCORPORATION BY REFERENCE TO ANY PRIORITY APPLICATIONS
{60017 Any and all applications, if any, for which a foreign or domestic priority claim is
identified in the Application Data Sheet of the present application are hereby incorporaied
by reference in their entireties under 37 CFR 1.57. Further, this disclosure is related fo the
following disclosures that were filed on December 27, 2018, the same dale as the present
disclosure, and which are hereby incorporated by reference in their entirety for all purposes
herein: U.S. Application No. 16/234,130, titled “IMAGE PRE-PROCESSING IN A LANE
MARKING DETERMINATION SYSTEM”; U.S. Application No. 18/233,260, titled “USING
IMAGE PRE-PROCESSING TO GENERATE A MACHINE LEARNING MODEL”; and U.S.
Application No. 16/233,988, titled “SYSTEM FOR AUTOMATED LANE MARKING.”

COPYRIGHT NOTICE
[G302] A portion of the disclosure of this patent document contains material which is
subject to copyright protection. The copyright owner has no objection to the facsimile
reproduction by anyone of the patent document and/or the patent disclosure as it appears
in the United States Patent and Trademark Office patent file and/or records, but otherwise

reserves all copyrights whalisoever.

BACKGROUND

[0003] Vehicles—such as vehicles used for ride-sharing purposes, vehicles that
provide driver-assist functionality, and/or automated or aulonomous vehicles (AVs)—may
obtain and process sensor data using an on-board data processing system to perform a
variety of functions. For example, functions can include determining and/or displaying
navigational routes, identifying road signs, detecting objects and/or road obstructions,
controlling vehicle operation, and/or the like.

[00G04] Some of the variety of funclions performed by the on-board data processing
syslem relale to the use of maps andfor images of roads. For example, providing
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navigational routes may rely on maps provided {o the on-board dala processing system.
These maps may be obtained using imaging syslems andfor user-provided data.
Sometimes the maps are oul-of-date or provide less than optimal information for certain
functions {e.g., navigational rouling) because, for example, changes in road nelworks,
accidents, weather conditions, or unexpected events. Furlher, even when maps are
current, some maps are insufficiently granular for certain functions. For example, a map
that illustrates the existence of roads may be sufficient for providing a route, but may be
insufficient for autonomous driving, which may reguire additional information {e.g., speed

zone information).

SUMMARY

{0005] As previously described, cerfain functions performed by on-board data
processing systems rely on maps and/or images of roads. Alternatively, the on-board data
processing systems may rely on data that is obtained from or otherwise corresponds fo
map-data. Some of the functions that rely on maps, images of roads, and/or map-data
include navigational routing, aufonomous driving, driving-assist functionality, or ride-sharing
routing, and the like. Many of these functions require or are otherwise improved by having
access to lane-marking data. For example, for an autonomous vehicle to remain within a
particular lane, it is useful, if not necessary, to identify lane markings on roads or road
networks.

{G306] One method of providing lane marking data to a mapping or routing system is
to have a user manually identify lane markings within mapping or image data that is
provided {¢ a routing or aulonomous driving sysiem. However, manually identifying lane
markings can be insufficient and problematic for a number of reasons. For example, the
number of roads and the amount of lane markings in a road network may make manual
marking prohibitive, human users are prone to mislakes, and road and lane markings
change over time requiring constant updates. Thus, manual lane marking is not feasible for
a large or real-world road network.

[G00T] Another method of providing lane marking data is (o use an aulomated lane
marking system. An automated lane marking system can analyze images of maps to

determine the existence of and the location of lane markings on roads. As a road network
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andfor lane markings change over time, the aulomated lane marking system can analyze
updated images to detlermine the location of lanes. The use of an aulomated sysiem
makes lane marking more tenable compared to manual marking. However, because roads
are not consisient in direction and shape, and because lane markings can vary greally
{(e.g., different colors, different shapes, solid lines versus broken lines, elc.) among different
roads in a road network, a large amount of training data may be required to train machine
fearning systems that can be used 10 generate machine learning models. The machine
learning models may be used in the aulomated lane marking processes. Further, a large
amount of computing resources including both memory, processing speed, and processing
time may be required {o performed automated lane marking processes.

{6008} Moreover, in some cases, the images of the maps may include significantly
more exiraneous data than road-related data. For example, the imagses of the maps may
include buildings, trees, and other non-road related environmental features. Thus, in some
cases, the percentage of the image that includes pixels relating {0 a road versus pixels
relating to a background, or non-road related images may be relatively low. For instance,
in some cases, the road may be 25%, 15%, 10%, any vaiug in between the afcrementionad
examples, or less of the image. Having significantly more non-road related pixels than
road-related pixels can resull in inaccurate processing by the machine learming model or
may resull in relatively large amounts of training data for generating the machine leamning
model, which in turn can require greater amounts of computing resources (o process.
[G00Y] Embodiments disclosed herein present syslems and processes that can
reduce or divide images of road networks info sub-images that depict straight or
substantially siraight sections of roads in the road networks. Further, embodiments
disclosed herein can normalize each of the sub-images by, for example, rotating each of
the sub-images such that the depicled roads are horizontal or otherwise share the same
angle. Advaniagecusly, in cerlain embodiments, the systems and processes disclosed
herein reduce the amount of training data used in machine leaming systems o creaie
machine learming models for automated lane marking systems and processes. Further,
embodiments disclosed herein may be as accurale, or more accurate, compared lo
systems thal use grealer amounts of fraining data. In addition, embodimenis disclosed

herein reduce the amount of computing resources used to perform automated lane marking
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processes while maintaining or improving accuracy of the lane marking processes.

[6010] in addition, certain embodiments disclosed herein can identify non-road
portions of the divided images and crop the divided images {o increase the percentage of
the divided images that include road while decreasing the percentage of the divided images
that include background material or pixels. By emphasizing foreground pixels associaled
with the road and deemphasizing background pixels relating to non-road aspects of
images, the accuracy of the maching leaming models can be improved while reducing the
amount of training data, and consequently reducing the amount of computing resources,

used to generate the machine learning models.

BRIEF DESCRIPTION OF THE DRAWINGS

{00117 FiG. 1A illusitrates a block diagram of a neilworked vehicle environment in
which one or more vehicles and/or one or more user devices interact with a server via a
network, according to one embodiment.

{0012] FIG. 1B illustrates a block diagram showing the wehicle of FIG. 1A in
communication with one or more other vehicles and/or the server of FIG. 1A, according o
one embodiment.

[0013] FIG. 24 illustrates a block diagram of a map generalion system in accordance
with certain esmbodiments.

[0014] FIG. 2B illustrates an embodiment of a model generation system of FIG. 2A
[G015] FIG. 3 presents a flowchart of an example road extraction and normalization
process in accordance with certain embodiments.

[6016] FIG. 4 presents a flowchart of an example machine learning model generation
process in accordance with certain embodiments.

(G017 FIG. 5 presents a flowchart of an example automated lane marking process in
accordance with certain embodiments.

[G018] FIG. 6 illustrates an example image of a road network with segmentation
annclations in accordance with certain embodiments.

[6019] FIG. 7 illustrates a zoomed in portion of the example image of FIG. 6.

(0020} FIG. 8A and 8B ilustrate examples of an image segment pre-processed in
accordance with certain embodiments to identify lane markings within the image illustrated
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in FIG 8C.

[6021] FIG. 8A and 9B illustrate additional examples of pre-processed image
segmentis depicling a road segment in accordance with certain embodiments.

[6022] FIG. 9C illustrates a portion of an image segment corresponding o the image
segmenis of FIG. 9A and 9B afler lane markings determined by the machine learning
model have been applied to the image in accordance with certain embodiments.

{6023] FiG. 8D illustrates the image segments depicled in FIG. 8C, but with bounding
box labels corresponding {o the lane markings in accordance with certain embodiments.
[06024] FIG. 10 illustrales an image comparison of lane marking identification

processes.

DETAILED DESCRIPTION
{0025] Detailed descriptions and examples of systems and methods according to one
or more illustrative embodiments of the present disclosure may be found in the section

entitied Machine Leaming Based Lane Marking Svstem, as well as in the section entitled

Example Embodiments, and also in FIGS. 2A4-10 herein. Furthermore, components and

functionality for a Machine Leaming Based Lane Marking System may be configured and/or

incorporated into the networked vehicle environment 100 described herein in FIGS. 1A-1B.

[G026] Various embodiments described herein are infimately tied o, enabled by, and
would not exist except for, vehicle and/or computer technology. For example, an automated
machine learning based lane marking system described herein in reference to various
embodiments camnol reasonably be performed by humans alone, without the vehicle and/or

computer technology upon which they are implemented.

Networked Vehicle Environment

{00277 FIG. 1A illustrates a block diagram of a networked vehicle environment 100 in
which one or more vehicles 120 and/or one or more user devices 102 interact with a server
130 via a network 110, according o one embodiment. For example, the vehicles 120 may
be equipped o provide ride-sharing and/or other location-based services, {o assist drivers
in controlling vehicle operation {e.g., via various driver-assist fealures, such as adaptive

andfor regular cruise conirol, adaptive headlight control, anti-lock braking, automatic
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parking, night vision, blind spot monitor, collision avoidance, crosswind stabilization, driver
drowsiness detection, driver monitoring system, emergency driver assistant, intersection
assistant, hill descent control, inlelligent speed adaplation, lane centering, lane depariure
warning, forward, rear, and/or side parking sensors, pedesirian detection, rain sensor,
surround view system, tire pressure monitor, traffic sign recognition, luming assistant,
wrong-way driving warning, traffic condition alerls, eic.), andfor to fully control vehicle
operation. Thus, the vehicles 120 can be regular gasoline, natural gas, biofuel, electric,
hydrogen, efc. vehicles configured to offer ride-sharing and/or other location-based
services, vehicles that provide driver-assist funclionality {e.g., one or more of the driver-
assist features described herein), and/or automated or aulonomous vehicles (AVs). The
vehicles 120 can be aulomobiles, frucks, vans, buses, molorcycles, scooters, bicycles,
and/or any other motorized vehicle.

{0028] The server 130 can communicate with the vehicles 120 {o oblain vehicle data,
such as route data, sensor data, perception data, vehicle 120 control data, vehicle 120
component fault and/or failure data, efc. The server 130 can process and store the vehicle
data for use in other operations performed by the server 130 and/or ancther computing
system (not shown). Such operations can include running diagnostic models to identify
vehicle 120 operational issues (e.g., the cause of vehicle 120 navigational errors, unusual
sensor readings, an object not being identified, vehicle 120 component failure, elc.);
running models to simulate vehicle 120 performance given a set of variables; identifying
objects that cannot be identified by a vehicle 120, generating control instructions that, when
executed by a vehicle 120, cause the vehicle 120 to drive and/or maneuver in a certain
mannar along a specified path; and/or the like.

[0029] The server 130 can also fransmit data to the vehicles 120. For example, the
server 130 can transmil map data, firmware and/or software updates, vehicle 120 control
instructions, an identification of an object that could not otherwise be identified by a vehicle
120, passenger pickup information, traffic data, and/or the like.

[0030] In addition {o communicating with one or more vehicles 120, the server 130
can communicate with one or more user devices 102. In particular, the server 130 can
provide a network service to enable a user to request, via an application running on a user

device 102, location-based services (e.g., transporiation services, such as ride-sharing
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services). For example, the user devices 102 can correspond to a computing device, such
as a smart phone, tablel, laptop, smart watch, or any other device that can communicale
over the network 110 with the server 130. In the embodiment, a user device 102 executes
an application, such as a mobile application, thal the user operating the user device 102
can use io interact with the server 130. For example, the user device 102 can
communicate with the server 130 {o provide location data and/or queries io the server 130,
to receive map-related data and/or directions from the server 130, and/or the like.

{6031] The server 130 can process requesis and/or other data received from user
devices 102 to identify service providers (e.q., vehicle 120 drivers) {o provide the requested
services for the users. In addition, the server 130 can receive dala—such as user trip
pickup or destination dala, user location query data, elc.—based on which the server 130
identifies a region, an address, and/or other location associated with the varicus users.
The server 130 can then use the identified location to provide services providers and/or
users with directions o a determined pickup location.

{0032] The application running on the user device 102 may be created and/or made
available by the same entity responsible for the server 130. Allematively, the application
running on the user device 102 can be a third-party application that includes features {e.g.,
an application programming interface or software development kit) that enables
communications with the server 130.

[0033] A single server 130 is illustrated in FIG. 1A for simplicity and ease of
explanation. It is apprecialed, however, that the server 130 may be a single computing
device, or may include multiple distinct computing devices logically or physically grouped
together o collectively operale as a server system. The components of the server 130 can
be implemented in application-specific hardware {e.g., & server computing device with onea
or more ASICs) such that no software is necessary, or as a combination of hardware and
software. In addition, the modules and components of the server 130 can be combined on
one server compuling device or separated individually or into groups on several server
computing devices. In some embodiments, the server 130 may include additional or fewer
components than illustrated in FIG. 1A,

[0034] The network 110 includes any wired network, wireless network, or combination

thereofl. For example, the network 110 may be a personal area network, local area
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network, wide area network, over-the-air broadcast network {e.g., for radio or television),
cable network, satellite network, cellular telephone network, or combination thereof. As a
further example, the network 110 may be a publicly accessible network of linked networks,
possibly operated by various distinct parties, such as the Intemel. In some embodiments,
the network 110 may be a private or semi-private network, such as a corporatle or university
intranet. The network 110 may include one or more wireless networks, such as a Global
System for Mobile Communications (GSM) network, a Code Division Mulliple Access
{(CDMA) network, a Long Term Evolution (LTE) network, or any other type of wircless
network. The network 110 can use protocols and components for communicating via the
Internet or any of the other aforementioned types of networks. For exampls, the protocols
used by the network 110 may include Hypertext Transfer Protocol (HTTP), HTTP Secure
(HTTPS), Message Queue Telemelry Transport (MQTT), Constrained Application Protocol
{CoAP), and the like. Protocols and components for communicating via the internet or any
of the other aforementioned types of communication networks are well known o those
skilled in the art and, thus, are not described in more detail herein.

[0035] The server 130 can include a navigation unit 140, a vehicle data processing
unit 145, and a data store 150. The navigation unit 140 can assist with location-based
services. For example, the navigation unit 140 can facilitate the fransporiation of a user
{(also referred o herein as a “rider”} and/or an object {e.g., food, packages, eic.) by ancther
user {alsc referred {o herein as a “driver”) from a first location (also referred {0 herein as a
“pickup location”) to a second location (also referred to herein as a “destination location”).
The navigation unit 140 may facilitate user and/or object transportation by providing map
and/or navigation instructions 1o an application running on a user device 102 of a rider, (o
an application running on a user device 102 of a driver, and/or {0 a navigational system
running on a vehicle 120.

[0036] As an example, the navigation unit 140 can include a maiching service (not
shown} that pairs a rider requesting a trip from a pickup location to a destination location
with a driver that can complele the trip. The matching service may inleract with an
application running on the user device 102 of the rider and/or an application running on the
user device 102 of the driver {0 establish the trip for the rider and/or to process payment

from the rider {o the driver.
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{0037 The navigation unit 140 can also communicate with the application running on
the user device 102 of the driver during the trip to obtain trip location information from the
user device 102 (e.g., via a global position system (GPS) component coupled to andfor
embedded within the user device 102) and provide navigation directions to the application
that aid the driver in fraveling from the current location of the driver to the destination
location. The navigation unit 140 can also direct the driver to various geographic locations
or poinis of interest, regardless of whether the driver is carrying a rider.

{0338] The vehicle data processing unit 145 can be configured {o support vehicle 120
driver-assist features and/or {o support aulonomous driving. For example, the vehicle data
processing unit 145 can generate and/or fransmil to a vehicle 120 map data, run diagnostic
models to identify vehicle 120 operational issues, run models o simulate vehicle 120
performance given a set of variables, use vehicle data provided by a vehicle 120 1o identify
an object and transmit an identification of the object to the vehicle 120, generale and/or
transmit 1o a vehicle 120 vehicle 120 control instructions, and/or the like.

{0039] The data store 150 can store various types of daia used by the navigation unit
140, the vehicle data processing unit 145, the user devices 102, and/or the vehicles 120.
For example, the data store 150 can slore user data 152, map data 154, search data 1586,
and log data 158.

[G040] The user data 152 may include information on some or all of the users
registered with a location-based service, such as drivers and riders. The information may
include, for example, usemames, passwords, names, addresses, biling information, data
associated with prior trips taken or serviced by a user, user rating information, user loyally
program information, and/or the like.

[0041] The map data 154 may include high definiion (HD) maps generated from
sensors {e.g., light detection and ranging (LiDAR) sensors, radic detection and ranging
(RADAR) sensors, infrared cameras, visible light cameras, stereo cameras, an inertial
measurement unit (IMU), etc.), salsllite imagery, oplical characler recognition (OCR)
performed on caplured sireet images (e.g., lo identify names of streels, o identify strest
sign text, to identify names of poinis of interest, etc.), etc.; information used to calculale
routes; information used to render 2D and/or 3D graphical maps; and/or the like. For

example, the map dala 154 can include elements like the layout of sireets and
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intersections, bridges (e.9., including information on the height and/or width of bridges over
streets), off-ramps, buildings, parking struclure entrances and exits (e.q., including
information on the height and/or width of the vehicle entrances and/or exits), the placement
of streel signs and stop lights, emergency turnoffs, points of inlerest {e.qg., parks,
restaurants, fuel stations, altractions, landmarks, etc., and associated names), road
markings {e.g., centerline markings dividing lanes of opposing traffic, lane markings, stop
fines, left tum guide lines, right tum guide lines, crosswalks, bus lane markings, bike lane
markings, island marking, pavement text, highway exist and entrance markings, eic.),
curbs, rail lines, waterways, tuming radiuses and/or angles of left and right tums, the
distance and dimensions of road features, the placement of barriers between two-way
traffic, and/or the like, along with the elements’ associaled geographical locations (e.g.,
geographical coordinates). The map dala 154 can also include reference data, such as
real-time and/or historical traffic information, current and/or predicted weather conditions,
road work information, information regarding laws and regulations {e.g., speed limils,
whether right turmns on red lights are permitted or prohibited, whether U-turns are permitied
or prohibited, permitied direction of travel, and/or the like)}, news events, and/or the like.
[G042] While the map data 154 is illustrated as being stored in the data store 150 of
the server 130, this is not meant {o be limiling. For example, the server 130 can transmit
the map data 154 1o a vehicle 120 for storage therein (e.g., in the data store 128, described
below).

[G043] The search dala 156 can include searches enlered by various users in the
past. For example, the search data 156 can include textual searches for pickup and/or
destination locations. The searches can be for specific addresses, geographical locations,
names associated with a geographical location {e.g., name of a park, restaurant, fuel
station, attraction, landmark, etc.), etc.

[0044] The log data 158 can include vehicle data provided by one or more vehicles
120. For example, the vehicle dala can include route data, sensor dala, perception data,
vehicle 120 conifrol data, vehicle 120 component fault and/or failure data, elc.

[0045] FIG. 1B illustrates a block diagram showing the vehicle 120 of FIG. 1A in
communication with one or more other vehicles 170A-N and/or the server 130 of FiG. 1A,

according to one embodiment. As illustraled in FiG. 1B, the vehicle 120 can include
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various components and/or data stores. For example, the vehicle 120 can include a sensor
array 121, a communicalions array 122, a data processing system 123, a communication
system 124, an interior interface system 125, a vehicle control system 126, operalive
systems 127, a mapping engine 128, and/or a data store 129.

[0046] Communications 180 may be transmitied andfor received between the vehicle
120, one or more vehicles 170A-N, and/or the server 130. The server 130 can transmil
andfor receive data from the vehicle 120 as described above with respect to FIG. 1A, For
example, the server 130 can fransmit vehicle control instructions or commands {e.g., as
communications 180) fo the vehicle 120. The vehicle control instructions can be received
by the communications array 122 (e.g., an array of one or more aniennas configured fo
transmit and/or receive wireless signals), which is operated by the communication system
124 {e.g., a transceiver). The communication system 124 can transmit the vehicle control
instructions to the vehicle control system 126, which can operate the acceleration, steering,
braking, lights, signals, and other operative systems 127 of the vehicle 120 in order to drive
andf/or maneuver the vehicle 120 and/or assist a driver in driving and/or maneuvering the
vehicle 120 through road traffic (o destination locations specified by the vehicle control
instructions.

(00477 As an example, the vehicle control instructions can include route data 163,
which can be processed by the vehicle control system 126 to maneuver the vehicle 120
andfor assist a driver in maneuvering the vehicle 120 along a given route {8.g., an
optimized route calculated by the server 130 and/or the mapping engine 128) to the
specified destination location. In processing the route data 163, the vehicle control system
126 can generate control commands 164 for execution by the operative systems 127 (e.g,,
acceleration, steering, braking, maneuvering, reversing, eic.} to cause the vehicle 120 to
travel along the route to the destination location and/or to assist a driver in maneuvering the
vehicle 120 along the route to the destination location.

[G048] A destination location 166 may be specified by the server 130 based on user
requesis {e.qg., pickup requests, delivery requests, eic.) transmitled from applications
running on user devices 102. Aliernatively or in addition, a passenger and/or driver of the
vehicle 120 can provide user inpul(s) 169 through an interior interface system 125 {e.g., a

vehicle navigation system) 1o provide a destination location 166. In some embodiments,
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the vehicle control system 126 can transmit the inputied destination location 166 and/or a
current location of the vehicle 120 {s.q., as a GPS data packet) as a communication 180 {o
the server 130 via the communication system 124 and the communications array 122. The
server 130 (e.g., the navigation unit 140} can use the current location of the vehicle 120
andfor the inputied destinalion location 166 to perform an optimization operation to
determine an optimal route for the vehicle 120 to travel to the destination location 166.
Route data 163 that includes the optimal route can be transmitied from the server 130 fo
the vehicle control system 126 via the communications array 122 and the communication
system 124. As a result of receiving the route data 163, the vehicle control system 126 can
cause the operative systems 127 to mansuver the vehicle 120 through traffic o the
destination location 166 along the oplimal route, assist a driver in maneuvering the vehicle
120 through traffic to the destination location 186 along the optimal route, and/or cause the
interior interface system 125 to display and/or present instructions for maneuvering the
vehicle 120 through traffic to the destination location 166 along the optimal route.

{0045] Alternatively or in addition, the route data 163 includes the optimal route and
the vehicle conirol system 126 automatically inputs the route data 163 into the mapping
engine 128. The mapping engine 128 can generale map data 165 using the optimal route
{e.g., generate a map showing the optimal route and/or instructions for taking the optimal
route) and provide the map data 165 o the interior interface system 125 (e.g., via the
vehicle control system 126) for display. The map data 165 may include information derived
from the map data 154 stored in the data store 150 on the server 130. The displayed map
data 165 can indicate an estimated time of arrival and/or show the progress of the vehicle
120 along the optimal route. The displayed map data 165 can also include indicators, such
as reroute commands, emergency notifications, road work information, real-time traffic
data, current weather conditions, information regarding laws and reguiations (e.g., speed
fimits, whether right turmns on red lights are permitted or prohibited, where U-turmns are
permitted or prohibited, permitied direction of travel, elc.}), news events, and/or the like.
[0050] The user input 169 can also be a request to access a network (e.g., the
network 110). In response to such a request, the interior interface system 125 can
generate an access request 168, which can be processed by the communication system

124 to configure the communications array 122 lo ftransmit andfor receive dala
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corresponding 10 a user's interacltion with the interior interface system 125 and/or with a
user device 102 in communication with the interior interface system 125 (e.q., a user device
102 connecled lo the interior interface system 125 via a wireless connection). For
example, the vehicle 120 can include on-board Wi-Fi, which the passenger(s) and/or driver
can access {0 send and/or receive emails and/or text messages, stream audio andfor video
conteni, browse content pages {(e.g., network pages, web pages, eic.), and/or access
applications that use network access. Based on user interactions, the interior interface
system 125 can receive content 167 via the nelwork 110, the communications array 122,
andfor the communication system 124. The communication system 124 can dynamically
manage network access to avoid or minimize disruption of the transmission of the content
167.

{00517 The sensor array 121 can include any number of one or more types of sensors,
such as a satellite-radio navigation system (e.g., GPS), a LIDAR sensor, a landscape
sensor (e.g., & radar sensor), an IMU, a camera {8.g., an infrared camera, a visible light
camera, sterec cameras, elc.), a Wi-Fi detection system, a cellular communication system,
an inter-vehicle communication system, a road sensor communication system, feature
sensors, proximity sensors {e.g., infrared, electromagnstic, photoelectric, etc.), distance
sensors, depth sensors, and/or the like. The satellite-radio navigation system may
compute the current position {(e.g., within a range of 1-10 meters) of the vehicle 120 based
on an analysis of signals received from a consteliation of satellites.

[G0582] The LIDAR sensor, the radar sensor, and/or any other similar types of sensors
can be used o detect the vehicle 120 surroundings while the vehicle 120 is in motion or
about to begin motion. For example, the LIDAR sensor may be used to bounce mulliple
laser beams off approaching objects o assess their distance and to provide accurate 3D
information on the surrounding environment. The data obiained from the LiDAR sensor
may be used in performing object identification, motion vector determination, collision
prediction, andf/or in implementing accident avoidance processes. Optionally, the LIDAR
sensor may provide a 360° view using a rolating, scanning mirror assembly. The LIDAR

sensor may optionally be mounted on a roof of the vehicle 120.
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[0053] The IMU may include X, Y, Z oriented gyroscopes and/or accelerometers. The
IMU provides dala on the rotational and linear motion of the vehicle 120, which may be
used to calculate the motion and position of the vehicle 120.

[G054] Cameras may be used io caplure visual images of the environment
surrounding the vehicle 120. Depending on the configuration and number of cameras, the
cameras may provide a 360° view around the vehicle 120. The images from the cameras
may be used o read road markings (e.g., lang markings), read street signs, detect objects,
andfor the like.

[0055] The Wi-Fi delection system and/or the cellular communication system may be
used to perform triangulation with respect fo Wi-Fi hot spots or cell towers respectively, to
determine the position of the vehicle 120 (oplionally in conjunction with then satellite-radio
navigation system).

[0056] The inter-vehicle communication sysiem (which may include the Wi-Fi
detection system, the cellular communication system, and/or the communications array
122} may be used o receive and/or transmit data 1o the other vehicles 170A-N, such as
current speed and/or location coordinales of the vehicle 120, time andfor location
coordinates corresponding o when deceleration is planned and the planned rate of
deceleration, time and/or location coordinates when a slop operation is planned, time
and/or location coordinates when a lane change is planned and direction of lane change,
time and/or location coordinates when a {furn operation is planned, time and/or location
coordinates when a parking operation is planned, and/or the like.

{0057] The road sensor communication sysiem {(which may include the Wi-Fi
detection system and/or the celiular communication system) may be used o read
information from road sensors {e.q., indicating the traffic speed and/or traffic congsstion)
and/or traffic control devices {e.g., traffic signals).

{0058] When a user requests transportation {(e.g., via the application running on the
user device 102), the user may specify a specific destination location. The origination
focation may be the current location of the vehicle 120, which may be determined using the
satellite-radic navigation system insfalled in the vehicle (e.g., GPS, Galieo,
BeiDou/COMPASS, DORIS, GLONASS, and/or other satellite-radio navigation system), a

Wi-Fi positioning System, cell tower triangulation, and/or the like. Optionally, the origination
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focation may be specified by the user via a user interface provided by the vehicle 120 (e.g.,
the interior interface system 125) or via the user device 102 running the application.
Optionally, the origination location may be aulomatically determined from location
information obtained from the user device 102. In addition to the origination location and
destination location, one or more waypoints may be specified, enabling mulliple destination
locations.

[6059] Raw sensor data 161 from the sensor array 121 can be processed by the on-
board data processing system 123. The processed data 162 can then be seni by the data
processing system 123 to the vehicle control system 126, and optionally sent {o the server
130 via the communication system 124 and the communications array 122.

{6360 The data store 129 can store map data (s.g., the map data 154) and/or a
subset of the map data 154 {(e.g., a portion of the map data 154 corresponding to a general
region in which the vehicle 120 is currently located). In some embodiments, the vehicle
120 can use the sensor array 121 o record updated map data along traveled routes, and
transmit the updated map daia to the server 130 via the communication system 124 and
the communications array 122. The server 130 can then transmit the updated map data to
one or more of the vehicles 170A-N and/or further process the updated map data.

[0061] The dala processing system 123 can provide continuous or near continuous
processed data 162 to the vehicle control system 126 to respond {o point-io-point activity in
the surroundings of the vehicle 120. The processed data 162 can comprise comparisons
between the raw sensor data 161—which represenis an operational environment of the
vehicle 120, and which is continuously collected by the sensor array 121—and the map
data stored in the data store 129. In an example, the data processing system 123 is
programmed with machine leaming or other artificial intelligence capabilities to enable the
vehicle 120 {o identify and respond o conditions, events, and/or potential hazards. In
varigtions, the data processing system 123 can conlinucusly or nearly continuously
compare raw sensor data 161 o stored map data in order to perform a localization o
continuously or nearly continuously determine a location and/or orientation of the vehicle
120. Localization of the vehicle 120 may allow the vehicle 120 to become aware of an
instant location and/or orientation of the vehicle 120 in comparison o the stored map data

in order to mansuver the vehicle 120 on surface strests through traffic and/or assist a driver
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in maneuvering the vehicle 120 on surface sireets through fraffic and identify and respond
to potential hazards (e.g., pedestrians} or local conditions, such as weather or traffic
conditions.

[6062] Furthermore, localization can enable the vehicle 120 o tune or beam steer the
communications array 122 to maximize a communication link quality and/or to minimize
interference with other communications from other vehicles 170A-N. For sxample, the
communication system 124 can beam steer a radiation patierns of the communications
array 122 in response to network configuration commands received from the server 130.
The data store 128 may store current network resource map data that identifies network
base stations and/or other network sources that provide network connectivity. The network
resource map data may indicate locations of base stations and/or available network types
{e.g., 3G, 4G, LTE, Wi-Fi, elc.) within a region in which the vehicle 120 is located.

{0063] While FI3. 1B describes cerlain operations as being performed by the vehicle
120 or the server 130, this is not meant {o be limiting. The operations performed by the
vehicle 120 and the server 130 as described herein can be performed by either entity. For
sxample, cerfain operations normally performed by the server 130 {e.g., transmitling
updating map data to the vehicles 170A-N) may be performed by the vehicle 120 for load
balancing purposes (e.g., {o reduce the processing load of the server 130, to take
advantage of spare processing capacity on the vehicle 120, sic.).

[0064] Furthermore, any of the vehicles 170A-N may include some or all of the
components of the vehicle 120 described herein. For example, a vehicle 170A-N can
include a communications array 122 to communicate with the vehicle 120 and/or the server
130.

Machine Learning Based Lane Marking System

[0065] As previously described, the use of lane markings facililales or improves
various funclions or features performed by on-board data processing systems, such as the
data processing system 123, The lane markings may be included as part of and/or
generated from maps or images of maps, such as those that may be stored at the map
data repository 154. These lane markings may be determined or generated using a

machine learning model. The machine learning model may be generaled based on training
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data that includes images of roads with lane markings. Further, the machine learning
model may be improved and/or generated using a reduced set of fraining data by pre-
processing the training data to normalize the images of roads. Normalizing the images of
the roads may include cropping the images o reduce the amount of background dala or
pixels unrelated to the road. Further, normalizing the images may include rotating each of
the images so that the depicied roads within the images are aligned with a target axis. This
target axis may be the horizontal axis.

{00667 In certain embodiments, the lane markings included on the images may not be
identifiable or usable by cerlain processing units, or the amount of computing resources
used to identify the lane markings is such that the lanes cannot be identified in real-time.
For exampie, a vehicle routing system, a driver-assist system, or an autonomous vehicle
system may not identify lane markings from an image or not identify the lane markings
sufficiently fast enough {o enable vehicle routing or autonomous driving. Moreover, a
vehicle routing system, a driver-assist sysiem, or an autonomous vehicle system may be
configured fo process data formats other than images in delermining routing or in
performing autonomous driving functions. However, often the mapping information is
obtained from map images. Thus, it is desirable {o identify lane markings within the images
and to modify or otherwise annotale the images in a way that can be processed by a
particular processing unit, such as a vehicle routing system, a driver-assist system, or an
autonomous vehicle system. Embodiments of systems disclosed hergin are capable of
pre-processing images o identify lane markings within the images. The systems can then
apply labels or markings {o identify the location of lane markings within the images o
facilitate various navigational andfor autonomous driving processes.

[0067] To simplify discussion, many of the examples discussed herein and much of
the disclosure describes aligning the depicled roads with a horizontal axis. However, #
should be undersiood that the target axis can be any axis with which the images of roads
are aligned. For example, the {arget axis may be a vertical axis or an axis of 30°, 45°, 195°
or any other axis of rolation. Further, to simplify discussion, much of the discussion herein
relates o identifying lane markings on roads. However, embodiments disclosed herein can
be applied to identifving markings or other annotations of other elongated objects. For

gxample, embodiments disclosed herein can be applied to railroads, sidewalks, painted
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road stop or yield lines, or building layouts.

[6068] In certain embodiments, the lane markings may be applied o images or maps
to create annotated images or maps that are annotated or otherwise modified or updated
with lane markings or lane marking data. These annolated or modified images or maps
may be used by a vehicle rouling system, a driver-assist system, or an autonomous vehicle
system. For instance, the annotated maps may be used by the navigation unit 140, the
mapping engine 128, or the dala processing system 123 1o generate a navigation roule or
to facilitate autonomous or semi-autonomous driving.

[G089] in certain embodiments, the images or maps with the lane markings may be
generaled by a map generation system. FIG. 2A illusirates a block diagram of a map
generation system 200 in accordance with certain embodiments. The map gensration
system 200 can include any system that can generates a map or an image with lane
markings. Further, the map generation system 200 can pre-process images {o reduce the
amount of overhead and computing resources used to identify lane markings within the
images and o annotate the images with lane markings in a form that can be processed by
a secondary system such as a vehicle routing system, a driver-assist system, or an
autonomous vehicle system. In some embodiments, the map generation system 200 may
include any type of computing device(s), such as deskiops, laptops, servers, network or
cloud-computing devices, car-consocle devices, computerized appliances, wearable devices
{for example, smart walches and glasses with computing functionality), and wireless mobile
devices {for example, smart phones, PDAs, tablets, or the like), 1o name a few.

[0070] The map generation system 200 can include a number of systems or sub-
system that can facilitate pre-processing images of maps or of road networks. Further, the
systems may facilitale generating machine learmning models, such as parameler or
prediction models, that may be used {o identify lanes within an image. The map generation
system 200 can include a map image processing syslem 202, a model generation system
204, and a lane detection system 206. The map generation system 200 may include more
or fewer systems. Further, one or more systems of the map generation system 200 may be
implemented separalsly from the map generation system 200.

[0071] The map image processing system 202 can include any system that can

receive a map or an image and can pre-process the map or image to facilitate identification
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of lane markings within the map or image. In some embodiments, the map image
processing system 202 can pre-process maps or images o use as training data for a model
generation system 1o generation a machine learning model. The pre-processed maps or
images may include portions of larger maps or images. For example, the map image
processing system 202 can divide a map inlo segmenis to facilitate processing. The
segmenis may be equal or unequal in size. Further, the segmenis may be determined
based on content within the image segment, such as a portion of a road in a road network.
{0072] The map image processing system 202 may pre-process a map or image by
dividing the image info a number of segments that include a straight or substantially straight
portion of a road. Further, the map image processing system 202 can identify the road
within the image segment and can rotate the image segment s0 as {o align the road with a
desired target axis. Advaniagecusly, in cerfain embodiments, by aligning the road
segments with a desired farget axis, the amount of fraining data, and therefore the amount
of computing resources {e.g., processor usage, memory usage, cache usage, network
bandwidth usage, eic.), used {0 generate a machine leaming model can be reduced.
Further, the accuracy of the machine learming model can be increased.

[G073] The model generation system 204 can include any machine leaming system
that can generate one or more machine learning models for identifying lane markings within
an image. Further, the model generalion system 204 can oblain or use pre-processed
images as training data. The use of pre-processed images can reduce the amount of
training data required o generate a machine leaming model while maintaining or increasing
the accuracy of the machine learning model generated by the model generation system
204,

[0074] The model generation system 204 can use one or more machine learning
algorithms {0 generale one or more machineg leaming models, prediction models, or
parameter functions. One or more of these machine leaming models may be used to
determine an expected value or occurrence based on a set of inpuls. For example, a
machine learning model can be used o determine a lane location or a probability that a
portion of an image includes a lane marking, or a lane marking of a particular type (e.g.,
double-line, solid-line, dashed line, etc.) based on one or more inputs fo the prediction

model, such as, for example, training data that includes pre-marked or pre-labeled lane
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marking information. In some cases, the machine learning model may be termed a
prediction model because, for example, the oulput may be or may be related {o a prediction
or a probability that an identified location or an identified set of pixels of an image contain
content corresponding o a particular object, such as a lane marking. A number of different
types of algorithms may be used by the model generation system 204 to facilitate
generating the machine leaming models 260. For example, cerfain embodimenis herein
may use a logistical regression model. However, other models are possible, such as a
linear regression model, a discrete choice model, or a generalized linear model.

[G075] The machine leaming algorithms can be configured to adaptively develop and
update the models over time based on new input received by the model generation system
204. For example, the models can be regenerated on a pericdic basis as new fraining data
is available {0 help keep the predictions in the model more accurate. The modsl generation
system 204 is described in more detail herein. Afler a model is generated, it can be
provided {o the lane deteclion system 2086 {o facilitale automatically identifving lane
markings in additional images without user inpul or guidance in the lane marking
identification process.

[G076] Some non-limiting examples of machine leaming algorithms that can be used
to generate and update the machine leaming models, parameter functions, or prediction
models can include supervised and non-supervised machine learning algorithms, including
regression algorithms (such as, for example, Ordinary Least Squares Regression),
instance-based algorithms (such as, for example, Learming Vector Quantization), decision
tree algorithms (such as, for example, classification and regression trees), Bayesian
algorithms (such as, for example, Naive Bayes), clustering algorithms (such as, for
example, k-means clustering), association rule leaming algorithms (such as, for example,
Apriori algorithms), artificial neural network algorithms (such as, for example, Perceptron),
deep learning algorithms (such as, for example, Deep Boltzmann Machine), dimensionality
reduction algorithms (such as, for example, Principal Component Analysis), ensemble
algorithms (such as, for example, Stacked Generalization), and/or other machine learning
algorithms.

{00771 The lane detection system 206 can include any system that can input or apply

an image {o a machine leaming model o aulomatically identify, or identify without user
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input, lane markings within an image. Further, the lane detection system 206 can include
any system that can label or otherwise mark the identified lane markings within the image.
By labelling the lanes within the image, a rouling or navigation system (e.q., a vehicle
routing system, a driver-assist system, an autonomous vehicle system, or other processing
system)} can identify lanes without separately processing the images (o identify the lanes
within the image.

[6078] in certain embodiments, the server 130 may include the map generation
system 200. Further, in some implementations, the vehicle data processing unit 145 may
include the map generation system 200, or functionality thereof. The map generation
system 200 may be implemented in hardware, software, or a combination of hardware and
software. Further, the map generation system 200 may be a single computing system or a
distributed computing system. In other embaodiments, the map generation system 200 may
be implemented by an application running on a user device 102 and/or another computing

system separate from the server 130 or a user device 102.

Example Model Generation Svstem

[8079] FIG. 2B illustrates an embodiment of a model generation system 204 of FIG.
2A. The model generation system 204 may be used o generate or determine one ¢r more
machine leaming models 260 based on fraining data 252. The training dala 252 may be
historical data associated with previously processed images and/or may be generated
training data. The training dala may be generated by a user and/or by the map image
processing system 202, Typically, although not necessarily, the training dala 252 includes
data associated with a large number of pre-processed images, such as hundreds,
thousands, hundreds of thousands, or more, images. However, the present disclosure
enables a reduction in the amount of fraining data using a pre-processing system and
process on the images that enables a reduction in one or more orders of magnitude in the
amount of training data 252 applied {o the model generation system 204 without reducing
the accuracy of the subsequently generated machine learmning model 260. Further, the
fraining data 252 can include dala received from one or more data sources, such as,
images previously processed by a maching leamning model and images manually

processed by a user. Moreover, the training data 252 can include data or images from
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different data sources, different data types, and any data generated by one or more
sensors, such as the sensor array 121 or a LIDAR system. In some cases, the training
data 252 may be accessed from a repository, such as the data store 150.

{6080 The model generation system 204 may, in some cases, also receive feedback
data 254. This dala may be received as part of a supervised model generalion process
that enables a sysiem user, such as an administrator, to provide additional input to the
model generation system 204 thal may be used {o facilitate generation of the machine
learning model 260. For example, if an anomaly exists in the training data 252, the system
user may tag the anomalous data enabling the model generation sysiem 204 {0 handie the
tagged data differently, such as applying a different weight to the data or excluding the data
from the model generation process.

{00817 Further, the model generation system 204 may receive control data 256. This
controt data 256 may identify one or more features or characteristics for which the model
generation system 204 is {o delermine a model. Further, in some casses, the control data
256 may indicate a value for the one or more features identified in the control data 256.
For example, suppose the control data 256 indicates that a machine learmning modst is to be
generated using the fraining data 252 o determine marked lanes, and in some cases
unmarked lanes, in an image of a road network. The control data 256 may include
manually marked lanes in the training data 252. This conirol data 256 may be provided as
a separate metadata or layer of data, or may be included as part of the training data 252.
[G082] The model generation system 204 may generally include a model generation
rule set 270 for generation of the machine learing model 260. The rule set 270 may
include one or more parameters 262. Each set of parameters 262 may be combined using
one or more mathematical functions to obtain a parameter function, which may be or may
not be used to create the machine learming model 260. Further, one or more specific
parameters may be weighted by the weights 264. In some cases, the parameter function
may be obtained by combining a set of parameters with a respective set of weighis 264.
The machine learning model 260 and/or the respective parameters 262 of the machine
learning models 260 may be derived during a training process based on parlicular input
data, such as the training dala 252, feedback data 254, and control data 256, as well as

defined oulput criteria, which may be included with the control data 256, used for fraining
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purposes. The model generation rule set 270 can define the specific machine leaming
rules and/or algorithms the model generation system 204 uses o generate the model
based on a defined objeclive funclion, such as determining lane markings or cother
guidance marks (such as arrows, stop or yield lines, or speed limils painted on the roads).
In some embodiments, initial parameters 262 and weights 264 can be manually provided
during the initiation of the model generation process. The parameters 262 and weights 264
can be updated and modified during the modsl generation phase {o generate the prediction
model 260.

[6083] The model generation system 204 can filier and calegorize the fraining data
sets according fo various characteristics and parameters of the data. For example, the
data can be categorized by the data source {(e.g., images from a user or images generated
by other automated systems), information type (such as, images with lane markings,
images without lane markings, images with particular types of lane markings, and the like),
or other categories that may be associated with the training data. The model generation
system 204 can filler the information fo identify the information for further processing. In
some embodiments, the model generation system 204 is configured to filter and separate
the training data 252 into a plurality of dala types or categories before further processing.
Moreagver, in some cases, some of the training data 252 may be fillered out or removed
from the training data 252 based on the dala being associated with a relevance that does
not satisfy a threshold relevance as determined by the model generation system 204.
[G084] Optionally, one or more of the prediction models 260 may be associated with a
penally 266. These penalties 266 may be used to facilitate the generation of or selection of
a particular machine learning model 260 based on one or more factors that are used (o
derive the penally. For example, the mathematical complexity or the number of parameters
included in a particular machine learming model 260 may be used o generate a penalty for
the particular machine learning model 260, which may impact the generation of the model
andfor a selection algorithm or a selection probability that the particular machine learning
model 260 is selected. Afier the machine leaming model 260 has been generated, the
model can be used during runtime of the lane deleclion system 206 {o determine lane

markings in images.
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Example Road Extraction and Nommaglization Process

[0085] FiG. 3 presenis a flowchart of an example road extraction and normalization
process 300 in accordance with cerfain embodiments. The process 300 can be
implemented by any system thal can pre-process an image by identifying a road within the
image and normalizing the portion of the image that includes the road by rotating the
portion of the image of the road to align with an identified target axis. The process 300, in
whole or in parti, can be implemented by, for example, a vehicle data processing unit 145, a
map generation system 200, a map image processing system 202, a model generation
system 204, or a lane detection sysiem 206, among others. Although any number of
systems, in whole or in part, can implement the process 300, to simplify discussion, the
process 300 will be described with respect to particular systems.

{0086] in ceriain embodiments, the process 300 can be used as part of a pre-
processing method for generating training data for the model generation system 204,
Alternatively, or in addilion, the process 300 may be used {o pre-process images o
facilitate editing a map or image with lane markings or labels of lane markings, or cther
desirable features to label within an image.

{00877 The process 300 begins at block 302 where, for example, the map image
processing system 202 receives a high definition {(HD) image of a map of a road network.
The resolution of the HD image may be 10 cm. For example, the HD image may be a
satellite image with a 10 cm-per-pixel resolution. The resoclution of a high definition image
may vary. However, often, a high definition image is an image that has a resolution that is
at least 1280 x 720 pixels. Although embodiments described herein are with respect {o an
image that has a resclution that qualifies as an HD image, in cerlain embodiments,
embodiments disclosed herein may be used with images of a lower resolution. in certain
embodiments, the image of the map may be of less or greater resolution than a high
definition image. Further, in certain embodiments, the high definition map may be
generated from sensors, such as LIDAR sensors, radar sensors, infrared cameras, visible
light cameras, slerec cameras, MU, and the like. Allematively, or in addition, the HD
image or map can be generaled from salellile imagery, or images generated by other

imaging syslems.
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[0088] Although the HD image received at the block 302 depicts a road network, in
certain embodiments the image may depict other features that may be found near road
networks. For example, the HD image may depict flora {(e.0., grass, bushes, trees, eic.),
fauna (e.g., dogs, cals, birds, deer, eic.), buildings or other structures, signs, sound
barriers, road-median struclures, and the like. Further, as previously described,
embodiments disclosed herein may be applied o structures or networks other than road
networks, and can include any type of relatively elongate structure that may have markings
or other fealures that are desirable to mark within the image. As such, the image may
depict other networks, such as railroad networks, waterways, walking paths {e.g., sidewalks
or hiking paths), or building layouis, and the like.

{GG8Y) Optionally, the map image processing system 202 converts the HD image into
a binary image. Converting the HD image into a binary image may include converting the
image into a black-and-white image (glso sometimes referred {0 as a monochrome or
monochromatic image) or other two-color image. In certain embodiments, the binary image
may include grayscale images whose pixels are limited to one sample per pixel. As the
binary image often includes only two possible values for each pixel, in some cases, a
number of features depicted within the image may be erased or no longer depicted.
Further, in some cases, some features depicted within the image may remain depicted, but
may be less discemible compared to the original HD image. In certain embodiments, the
conversion of the HD image into the binary image may be such that a road is emphasized
within the image compared to other features of the image. In certain embodiments,
converting the image to a binary image can facilitate obtaining an estimate of a shape of a
road or road network included in the image, because, for example, most of the non-road
pixels may be emply or associated with a value or color designated as empty or non-
containing image data. The empty pixels may occur, for example, because the non-road
areas may be un-scanned by the sensors used to generaie the image.

[G090] In certain embodiments, the processes disclosed herein may be performed
using grayscale images instead of or in addition to using binary images. Accordingly, in
certain embodiments, the HD image may be converted to a grayscale image. In other
embodiments, the HD image is generated as or received as a grayscale image. In such

embodiments, a grayscale conversion process may be omilted. As some or all of the
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features described herein can be performed on grayscale images, in certain embodiments,
converting the HD image to a binary image may be omilted or oplional. One example of a
grayscale image is in FIG. 8A. As can be seen in FIG. 8A, the road 802 and some flora
804 bordering the road 802 are visible within the image. Furlher, some portions of
buildings 806 are also visible within the image. However, most of the buildings and other
additional features within the image are de-emphasized or not depicted within the grayscale
image. In certain embodiments, pixels in the HD image that have color may be converied
to white {or one color) and the remaining pixsls may be converted to black, or another
color. In other embodiments, pixels associated with a particular luminosity or set of colors
may be converted {0 one color, and the remaining pixels may be converted to the other
selected color in a binary image. In yet other embodiments, pixels with color may be
converted o various forms of gray on a grayscale color paletie.

{00981] At block 308, the map image processing system 202 identifies a road within the
road network from or using the HD image, or a grayscale or binary image obtained from the
HD image. The map image processing system 202 may identify the road in the image
using contrast and gradient information obtained from the image. In some embodiments,
the map image processing system 202 may select several points as key points along the
contours of the road. The contours may be determined based on one of the colors in the
image. For example, in the case of processing a grayscale or binary image, coniours may
be drawn, or identified, as surrounding pixels that are white.

[G092] Further, the map image processing system 202 may identify inflection points
that have larger gradients {e.g., color gradients greater than a threshold difference, such as
greater than 50, 100, eic.) within the image. These points or sections that have larger
gradients may be determined 1o be the slarting and/or endpoints of a road depicted within
the image. Accordingly, the road may be identified or otherwise exiracted from the image
based on the starting and endpoints of the road within the image. In some embodiments,
mutitiple roads may be identified or depicted within the image.

[0093] At block 308, the map image processing system 202 divides the image of the
road into segmenis or image segmenis. Dividing the image inlo segments may include
dividing the HD image inlo segments. In some embodiments, the image that is divided is

the binary or grayscale image. In other embodiments, the map image processing sysiem

26



WO 2020/139357 PCT/US2018/067744

202 divides the HD image using the binary or grayscale image as a reference to identify the
segments. In other words, the map image processing sysiem 202 may identify the
segments using the binary or grayscale image and then divide the HD image based on the
identified segmenis. The image segments may all be the same size. However, often the
image segments are differing sizes. In certain embodiments, the image may be divided
into segments based on input by the user. In other embodiments, the image may be
divided without input by the user. In some implementations, the image may be divided into
segments automatically using, for example, a machine leaming algorithm. Altematively, or
in addition, the image may be divided into segments using rules for distinguishing different
portions of the road based at least in part on image recognition data. In some cases, the
different segmenis of the image may be delermined based at least in part on an
identification of crossroads or other fealures that cross a road. Further, the different
segments of the image may be determined based at least in part on conirast differences
between portions of the image that include the road and portions of the imags that do not
include the road.

[0084] The map image processing systems 202 may determine the segmenis in which
to divide the image based on the curvature of the road. The straighter the road, the longer
the selecied image segment. The more curved the image road, the smaller the image
segment. The size of the image segment may be selected to reduce the curvature of the
road depicted within the image segment. Thus, each of the image segments may include a
portion of road that is no more curved than a threshold degree or curvature. FIG. 6
fllustrates an example image of a road network 600. it should be undersiood that the road
network 600 may be a portion of a larger road network., Further, additional cross streets
may exist in the road network, which have been omitted from FIG. 6 for ease of illustration.
For instance, some or all of the gaps between segmenis 602, 604, and 606 may have
omitled cross streets.

[G095] As illustrated, the image may be divided info segments that include portions of
roads within the road nelwork. The segments associated with straight portions of roads
{e.g9., segment 602) may be larger than segments associated with curved road portions
{e.g., segment 604) so as to reduce the curvalure within the particular segment. In some

embodiments, the segment 604, which includes a curved road, may be broken into smaller
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segments to further reduce the amount of road curvature within a single segment. In some
embodiments, the segments may be associated with or limiled (o a maximum size. For
example, although the curvature of the road included in sequential segments 602 and 606
is relatively equal, the portion of the road is divided into two segments 602 and 606. In
certain embodiments, by capping a size of the segments, the machine learning algorithm
may be simplified and/or the compuling resources required to perform the lane
identification and marking may be reduced. In cerlain embodiments, the segments 602 and
606 may be combined as a single segment.

[6096] in cerfain embodiments, segments may be split based on the identification of
cross streets, crosswalks, gutters, speed bumps, railroad tracks, or other fealures that may
cross a road. In some embodiments, the segments are contiguous. In other embodimenis,
as iflustrated in FIG. 6, a gap may be left between segments. The gap may identify a
focation of cross sireets, crosswalks, gutters, speed bumps, railroad fracks, or other
features that may cross a road. Alternatively, the gap may exist to facilitate the processing
and re-combination of individual road segmenits.

{00877 At block 310, for each of or at least some of the image segmenis, the map
image processing system 202 crops portions of the image segment along the road.
Cropping portions of the image segment along the road may include removing at least
some portions of the image segment that do not include the road segment. Further,
cropping portions of the image segment that do not include the road segment may include
omitting portions of the image thatl are at least a particular number of pixels away from an
identified road within the road segment. In some embodiments, the image segmentis are
cropped such thal adiacent image segmenis preserve al least some overlapping
information or pixels. Advantageously, in cerlain embodiments, by maintaining an
overlapping buffer, the map image processing system 202 can ensure that information
relating to the roads is not lost during the cropping process. In some embodiments, some
image segments may be cropped while others may not be cropped. Further, the amount
that each image segment is cropped may differ. For instance, an image segment that
includes a greater portion of road may be cropped less than an image segment that
includes more background material unless road. Further, whether the image segment is

cropped or the amount of the image segment is cropped may depend on a confidence level
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that a portion of the road is not lost during the cropping process. For instance, if the map
image processing system 202 delermines with a 85% or higher degree of certainty {or any
other threshold certainty level) that the portions cropped out of the image segment do not
include road, the map image processing system 202 may crop the image segment. On the
other hand, if the map image processing system 202 has less than a threshold degres of
certainly confidence that the portions cropped of the image segment do not include road,
the map image processing system 202 may omil the image segment from a cropping
process, or from being cropped. in certain embodiments, the block 310 may be optional or
omitied.

{0038] Al block 312, the map image processing systemn 202 determines a target axs.
The target axis may be a horizonial axis, a verlical axis, or any other axis. In some
smbodiments, the target axis is selected from within a two-dimensional plane. The target
axis may be specified by the user or may be selected automatically using one or more
algorithms.  For example, the {argel axis may be selected based on a number or
perceniage of image segments that are aligned with the target axis or that are within a
threshold degree of rotation from the target axis.

{6099 At block 314, the map image processing system 202 rotates sach image
segment s¢ as (o align the road segment depicted in the image segment with the target
axis. For instance, the image segment 602 may be rofated such that the road included
within the image segment 602 becomes horizontal, vertical, or aligns with any other
selected target axis. Advaniageously, in certain embodiments, rotating each image
segment {0 align with the target axis reduces the amount of training dala needed to train a
machine learning algorithm or to generate a machine learning model while maintaining, or
in some cases improving, a degree of accuracy of the machine learning model. In certain
embodiments, the rolaled images may be referred {0 as normalized images in that road
segments depicted in each of the rotated images are aligned with the same target axis. In
some embodiments, multiple target axes may be used. In some such cases, al least some
of the image segments may be duplicated and rotaled to align with different targst axes.
(601007 At block 316, the map image processing system 202 stores the rolaled image
segment and the degree of rotation at a repository. This repository may be a repository of

training data used by a machine learning process {0 generate a machine learning model or
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parameter model. In some cases, the reposilory may be the dala slore 150. For example,
the rotated image segment and the degree of rotation may be slored as part of the map
data 154. In some embodiments, the block 316 may be optional or omitted. For example,
the rolated image segment and the degree of rotation of the image segment may be
provided to model generation system 204 without storing the data at a repository.

{60101} If the rotated image segment is being used as part of training data, the process
300 further includes adding lane markings or labels fo the rolated image segment fo
facilitate the generation of the machine learning model or parameter model. The machine
fearning model generation process is described in further detail below with respect o the
process 400. On the other hand, if the rotated image segment is being used as inputto a
machine learning model or parameter model {o identify lane markings to label, the rolaled
image segment may be provided {o the machine learning model without the addition of the

{ane markings.

Example Machine Learning Model Generation Process

[60102] FIG. 4 presents a flowchart of an example machine leaming model generation
process 400 in accordance with cerfain embodiments. The process 400 can be
implemented by any system that can generale a machine learning model using a reduced
set of training data by using pre-processed images. The process 400, in whole or in part,
can be implemented by, for example, a vehicle data processing unit 145, a map generation
systern 200, a map image processing system 202, a model generation system 204, or a
lane detection system 208, among others. Although any number of systems, in whole or in
pari, can implement the process 400, to simplify discussion, the process 400 will be
described with respect to particular systems.

(060103 The process 400 begins at block 402 where, for example, the model generation
system 204 receives a set of fraining data comprising normalized images of road
segments. The normalized images of the road segmenis may include images or image
segmenis that are rolated to align a road depicted within the image segment with a
particular targst axis. For example, the normalized images may include images that are
each rotated to align the depicted road segments with a horizonial axis. In cerlain

embodiments, the set of training data may be received as an output from the process 300.
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Further, in some cases, the set of fraining dala may be obtained from a reposifory, such as
the repository 150.

(00104} At block 404, a lane marking overlay for the normalized images corresponding
to lane markings of roads depicted in the normalized images may be generated. In cerlain
embaodiments, the lane marking overlay may be generated by a user or generated based at
least in part by user input. For example, the user may identify locations within sach
normalized image that include or depict lane markings. Based on the user's identification
of the location of lane markings within the image, the lane marking overlay layer may be
created o identify the location of lane markings o the model generation system 204. In
some embodiments a user may use a computing system, such as the map generation
system 200, to generate the lane marking overlay. The lane markings provided at the block
404 may act as or be included in confrol data for the model generation system 204 o
facilitate the generation of the machine learning modeals.

[00105] At block 4086, the model generation system 204 performs a data augmentation
process on the normalized images with the lane marking overlays. The data augmentation
process may include creating one or more additional sets of images by rotating copies of at
least some of the normalized images. The rotated copies of the normalized images may be
rotated a random amount, a pseudorandom amount, or a particular fixed amount. Further,
each of the rotated copies of the normalized images may be rotated the same amount or by
differing amounis. Advantageocusly, in certain embodiments, the data augmentation
process reduces or eliminates the overfit problem in generating a machine learning model.
[00106] The overfit problem may occur when the generated machine learming model is
too accurate with respect to the training data or that models the training data oo well
When the machine learning model is {00 accurate with respect {o the training dala or
models the training data too well, the machine learming model may not be sufficiently
general to process subsequent provided input data. For instance, the maching learning
model may learmn noise or random fluctuations in the training data as concepis o be
modeled. An overly accurate machine leaming model can be problematic because new
data may not include some of the noise or random fluctuations and as a resull may be
processed less accurately compared {0 a machine learning model, or in some cases may

fail to process the new data.
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(601077 One solution to the overfit problem is {o provide additional training data.
However, as previously described, the greater the amount of fraining data, the grealer
burden on computing resources, and in some cases human resources that may be required
to prepare or manually process (e.g., such as manually labeling lane markings) the training
data before it is provided to the model generalion system. Advantageously, in certain
smbodiments, the use of a data augmentation process enables the model generation
system 204 to reduce or eliminate the overfit problem by using a reduced set of training
data as described herein.

[60108] Al block 408, model generation system 204 generaies one or more machine
learning models based on the sel of training data, the output of the data augmentation
process, and the lane marking overlays. The one or more machine learning models may
be parameter or prediction models. When input data, such as images of roads, are
provided to the one or more machine learning models, the one or more machine learning
models may oulput annctated images of the roads and/or location information that identifies
where lane markings exist within the images. Further, in cerlain embodiments, the one or
more machine leaming models may oculput the type of lane markings. For axample, the
machine leaming models may cutput whether the lane markings are solid lines, dashed
lines, double lines, yellow lines, while lines, arrows, and the like. In some cases, the output
of the machine learning models may include a likelihocod associated with some or all of the
points {e.g., pixels or groups of pixals) within the image indicating the likelihood that the
points include a lane marking. Based at least in part on the likelihood that the particular
points include a lane marking, a lane delection systemn 208 may label or otherwise mark
corresponding locations on the images o indicate the location of the lane markings and/or
the type of lane markings. In some embodiments, the images themselves may not be
marked with the labels or lane markings. In some such embodiments, data may be slored
associated with the images that indicale a location and/or type of lane markings to a vehicle
data processing unit 145, a navigation unil 140, mapping engine 128, a vehicle control
system 126, a data processing system 123, or any other roule navigation or aulonomous
driving system.

{00108 In cerlain embodiments, a weight or penally may be associaled with each

machine learning model or parameter model generated by the model generation system
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204. The weight or penalty associated with each machine leaming model may be based at
least in part on an accuracy of the machine learning modsl, the complexity of the machine
learning modsl, a relative amount of computing resources required {0 execute the machine
learning model, or any other facior that may affect the selection or execulion of the
machine learning model. Based al least in part on the weight or penalties associated with
each machine learning model, the model generation system 204 may select one or a
subset of the generated machine leaming models to store or use for a lane marking

process, such as the process 500 described below.

Example Automaled Lane Marking Process

{60110 FIG. 5 presents a flowchart of an example automated lane marking process
500 in accordance with certain embodiments. The process 500 can be implemented by
any system that can automatically mark or label a lane within an image without user input.
The process 500, in whole or in part, can be implemented by, for example, a vehicle data
processing unit 145, a map generation system 200, a map image processing system 202, a
model generation system 204, or a lane detection system 206, among others. Although
any number of systems, in whole or in part, can implement the process 500, to simplify
discussion, the process 500 will be described with respect to particular systems.

[Go141] The process 500 begins at block 502 where, for example, the lane delection
system 206 accesses one or more rotated image segments of portions of a road depicled
in an HD map. In cerain embodiments, the rolaled image segments may be accessed
from a repository, such as the data store 150. Further, in certain embodiments, the rotated
image segments may be obiained using the process 300 previously described above. In
certain embodiments, the block 502 may include one or more of the embodiments
previously described with respect o the block 402,

(00112} At block 504, the lane deleclion system 206 applies the rotated image
segments as inpul {0 a machine learing model (o oblain lane-marked rotated image
segmenis. These lane-marked rotated image segmenis may include rotated image
segments with labels that identify where lane markings are within the image. These labels
may be added to the rotaled image segmenis or may be part of an overlay layer is

associated with the rotaled image segments.
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[00113] Alternatively, or in addition, the block 504 may include obtaining dala indicating
where lane markings exist within the rolated image segmaenis. For instance, as described
above, the machine leaming model may output a likelihood that each pixel or group of
pixels within the image segment contains a lane marking or a portion of a lane marking. In
some cases, the probability or confidence that a group of pixels includes a lane marking
may be increased if surrounding groups of pixels are also determined with a threshold
degree or probability to include a lane marking. For example, if i is delermined that a
particular group of pixels likely includes a lane marking, there is an increased possibility
that a neighboring group of pixels may include a lane marking as it is likely that the lane
marking exiends to multiple groups of pixels. Further, as previously described, in certain
ambodiments, the use of the rotated image segmenis enables the machine leaming modsl
to more accurately identify the lane markings by using reduced computing resources.
{60114] At block 508, the lane delection system 206 determines a degree of rotation
with respect to a target axis for each rotated image segment. The degree of rotation may
be determined from data stored at a reposilory with the rolaled image segment
Alternatively, the degree of rotalion may be metadata that is inserted into the rofated image
segment or into a media file thal includes the rolated image segment. I[In some
embodiments, the rotated image segment may be annotated with the degree of rotation
that the original segment was rolated {o obtain the rotated image segment. In such cases,
the lane detection system 2086 may determine the degree of rotation from the annotation.
[G0115] At block 508, the lane delection system 206 counter rotates each lane marked
rotated image segment by the degree of rotation determined for the corresponding rotated
image segment. In cerlain embodiments, counter rotating the lane marked rotaled image
segment comprises rotaling the lane marked rolated image segment in the opposite
direction and by the same degree thal an image segment was rotated (o obtain the rotated
image segment. Once the rofaled image segment is counter rotated, the resulting image
segment should match or substantially maich the original image segment from which the
rofated image segment was derived. Thus, in certain embodiments, the portion of the road
depicted in the resulling image segment may match the original alignment of the portion of
the road in the map that was originally received at, for example, the block 302.

[G60116] At block 510, the lane detection system 206 applies the lane markings from the
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counter rolaled lane-marked image segments {0 corresponding segments within the HD
map. Applying the lane markings to the corresponding segments within the HD map may
include replacing the corresponding portion of the HD map with the counter rolated lane-
marked image segment. Allernatively, applying the lane markings to the corresponding
segmenis within the HD map may include marking or annotaling the HD map with lane
markings and/or labels based on a location of the lane markings were labels within the
counter rotated lane marked image segments. In some embodiments, the block 510 may
include storing dala or metadata with the HD map that identifies the location of lane
markings as delermined based at least in part on the counier rotated lane marked image
segments.

{01171 At block 512, the lane detection sysiem 206 stores the modified map at a
repository, such as the data store 150 and/or the data store 128. The modified map may
be included in the map daia 154 of the data store 150. The modified map may be used by
a vehicle or navigation processing system, such as a vehicle routing system, a driver-assist
system, or an autonomous vehicle system, to facilifate identifying lanes within a route,

changing from one lane to ancther lane, and/or 1o maintaining a vehicle within a lane.

Example Images

[Gg118] FIGS. 6-10 illustrate several example images in accordance with ceriain
embadiments described herein, including the previously described processeas 300, 400, and
500. As previously described, FIG. 8 illustrates an example image of a road network with
segmeniation annotations in accordance with cerlain embodiments. This road network
may be part of a larger road network. Further, the image segments, identified by the white
bounding boxes may be identified using any of the processes described herein, including
the process 300 and the operations associated with the block 308. As illustrated, for
example, by the segments 602 and 608, some of the segments may be overlapping.
Further, as previously described, portions of the image depicting curved roads may be
broken into smaller segments {0 reduce the curvature of the depicted roads. For ease of
fllustration, the curved segment 804 is relatively large. It should be understood that the
segment 604 may be divided into smaller segments o reduce the amount of road curvature

fllustrated in any one segment.
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(00119 FIG. 7 lllustrales a zoomed in portion of the example image of FIG. 6. As can
be seen more clearly in FIG. 7, the segmenis may be separaled al particular sections o
reduce the curvature of road depicted in a single segment as illustrated by gap 702.
Further, as illustrated by gap 704, the segments may be divided by the existence of a cross
street or crosswalk.

{60120} FiG. BA and 8B illusirate examples of an image segmeni pre-processed in
accordance with cerfain embodiments to identify lane markings within the image Hllustraled
in FIG 8C. FIG. 8A illustrales an example of an image segment 800, that can be obtained
from, for example, an image of a road network 600. Although the image of the road
network 600 does not include any roads aligned with a horizontal axis, the image segment
800 has been rotated o be horizontal as part of, for example, the process 300. The image
segment 800 may be rotated using one or more of the operations described with respect to
the block 314.

{00121} Further, the image segment 800 may be cropped to reduce the amount of
background pixels included in the image segment. As previously described, gradient
and/or contrast information may be used to automatically crop the imags, or a binary or
grayscale image of the road, and {o focus the road within the foreground of the image. The
cropping typically occurs prior o rotation o more accurately identify the road and align i
with the target axis. However, in cerlain embodiments, the rolation may occur first or
substantially in paraliel with the cropping process. As previously described, the image
segment 800 may depict a road 802 along with bordering objects, such as flora 804 and
buildings 806. In certain optional embodiments, the additional objects are de-emphasized
by the map image processing system 202 via a binary or grayscale image conversion
process and/or the cropping process.

(601221 Fi(3. 8B ilustrates an image segment 810. The image segment 810
corresponds (o the image segment 800, but includes lane markings or labels 812 marking
or identifying the lane markings included in the image segment from the original image. A
user may interact with the map generation system 200 {o annotale or add the lane
markings 812 to the image segment o facilitate preparing training data for the model
generation system 204. The lane markings or labels may be applied using one or more of

the operations described with respect to the block 404. The image segment 810 with the
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fane markings may be supplied (o the model generation system 204 as training data.
[60123] FiGG. 8C illustrates an image segment 820 generated using embodiments
disclosed herein. Similar to the image segment 810, the image segment 820 corresponds
to the image segment 800. However, the image segment 820 is processed by a machine
fearning model generated by the model generation system 204, The image segment 820
includes a mask or overlay identifying the lane markings for the road 802. As illustrated in
FiG. 8C, the mask or overlay with the lane markings, or labels, generaled by the machine
learning model using embodiments disclosed here is substantially accurate compared 0
the original image segment 800. The lane markings include the solid line lane markings
822 as well as the dashed line markings 824. In cerlain embodiments, the lane markings
or labels may have different intensities, or brightness, corresponding o the confidence level
or the probability that a lane marking exists where identified by the machine learning model.
This confidence level is illustrated by the mask or lane marking overlay depicted in FIG. 8C
by the darker lane markings 822 and the lighter lane markings 826. The lane markings 822
and 824 may be applied by the lane detection system 206 {0 an image segment or image
that includes the image segment using, for example, the process 500. For example, the
operations of the block 510 may be used to apply the labels from the mask illustrated in
FIiG. 8C to the image segment 800 in FIG. 8A.

{60124 FIG. 9A and 9B Hlustrate additional examples of pre-processed image
segments depicling a road segment in accordance with certain embodiments. FIG. A
lustrates an image segment 900 of a portion of a road. The image segment 900, as with
the image segment 800, has been rotated from is original axis to align with a horizontal
axis as part of pre-processing the image for use as training data o generate a machine
leamning algorithm or to provide to an already generated machine leaming algorithm to
identify lane markings.

[00125] FiG. 9B illustrates an image segment 910 of a portion of a road. The road
depicted in the image segment 810 corresponds (o the road depicted in the image segment
900. However, the image segment 910 includes a mask or overlay layer that identifies or
otherwise labels lane markings on the road. This mask covers the lane markings in the
depiction of the road with labels that are interpretable by a computing system, such as the

map generation system 200. As with the image segment 810, a user may interact with the
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map generation system 200 lo create the mask or overlay layer. The map generation
systemn 200 may supply the image segment 810 as fraining dala to the model generation
system 204.

[60126] FIG. 9C illustrates a portion of an image segment corresponding o the image
segmenis of FIG. 9A and 9B afler lane markings determined by the machine learning
model have been applied to the image in accordance with embodiments disclosed herein.
The lane detection sysiem 206 generates the lane markings or labels 8922 of the image
segment 920 using a machine leaming model. As can be seen by the zoomed in portion
8924 in FiG. 9C, the generated labels are roughly consistent with the actual lane markings
that were included in the original image. For ease of illustration, not all the lane markings
are marked within FIG. 8C. However, it should be understood that each of the elements
matching the marked lane markings 922 are included as part of the lane markings 822.
{60127 FiG. 9D illustrates the image segments depicted in FIG. 9C, but with bounding
box labsls 832 corresponding to the lane markings. The bounding box labels 832 may be
added fo the lane markings by the lane detection system 206, for example, as part of the
operations associated with the block 510, Advaniageously, in certain embodiments, the
bounding box labels may facilitate an autonomous vehicle identifying lanes within which to
keep the vehicle. In cerlain embodiments, the bounding box markings may be used {o
facilitate the map generation system 200 or the lane detection system 206 identifying lane
markings. The lane detection system 2086, using for example a machine leaming model,
may identify the location of bounding boxes based on a probability that a2 lane marking
exists, crosses through, or touches a point, pixel, or set of pixels in the image. A bounding
box may be placed at the point, or surrounding a threshold number of pixels centered at the
point.  Using, for example, a polyline process, the lane markings may be identified by
connecting at least some of the bounding boxes. The determination of whether sets of
bounding boxes are to be connected to form a line associated with a lane marking may be
based al least in part on a probability oulput by one or more of the machine leaming
models. For ease of illustration, not all the bounding box labels are marked within FIG. 8D.
However, it should be understood that each of the elements malching the marked bounding
box labels 932 are included as part of the bounding box labels 932,

{00128 FIG. 10 iHlustrates an image comparison 1000 of lane marking identification
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processes. The image comparison 1000 includes three columns 1002, 1004, and 1006.
Column 1002 represents various image segments of a road that has been divided inio
multiple segmenis o minimize the amount of curvalure depicted in the image segments
and rotated to align each of the road segments with a horizontal axis.

(00128 Column 1004 corresponds o column 1002, but illustrates lane markings
determined by a machine leaming system that does not implement the fealures disclosed
herein. As can be seen from the lane markings in column 1004, existing system have
trouble distinguishing different types of lane markings. For example, the ouiputs included
in column 1004 do not distinguish between solid lines and dashed line markings. Further,
as illustrated by the blocks 1008, some existing systems are unable to process or identify
fane markings when lanes are divided or split. in addition, existing sysiems do not
gxirapolate lanes were lane markings do not exist as illustrated by the block 1010.

{G3130] Column 1006 corresponds {0 columns 1002 and 1004, but illustrates lane
markings delermined by the lane deteclion system 206 implementing embodiments
disclosed herein. Comparing column 1008 with column 1004, it can be determined that the
lane detsction system 206 includes a number of improvements over existing systems. For
example, the lane delection system 208 is able to distinguish different types of lane
markings, such as dashed lines versus solid lines. Further, as illustrated by the lack of the
blank spaces corresponding to the blocks 1008 of column 1004, the lane detection system
206 is able to process lane divisions and include markings or labels that identify or
correspond to the branching of lanes. For example, as can be seen in the top road
segment in column 1002, one of the lanes branches (o allow for a separate turm lane. The
lane branching is not captured in column 1004 corresponding 1o existing sysiems.
However, the lane branching is Hllustrated in column 1006, which implements embodiments
described herein.

[00131] Further, as illustrated in column 1008, the lane detection system 206 is capable
of exirapolating the continuation of lanes when there is a lack of lane markings. While
some exisling systems are confused by crossing railroad tracks 1012 and lack of lane
markings (as illustrated by empty block 1010), the lane detection system 206 implementing
embodiments disclosed herein is capable of determining the continuity of the lanes without
the lane markings (as illustraled by the markings in block 1014 of column 1006
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corresponding to the empty block 1010 of column 1004) and of distinguishing betwsen the
lane markings and image noise, such as the railroad tracks 1012.

[00132] Further, while the comparison system used to generate the lane markings in
column 1004 do not identify additional street markings, as illusirated in column 10086, the
lane detection system 206 is capable of detecting additional street markings, such as tum
arrows and continue straight arrows. The ability {o delect the arrows marked in the road
images is illustrated in the third sel of exampile figures in FIG. 10.

{60133 Accordingly, in certain embodiments, as can be determined via the image
comparison 1000, the map generation system 200 using less training dala than existing
systems, can generale more accurate lane markings than existing systems. Moreover, in
certain embodiments, the pre-processing of images enables a reduction of computing
resources for both fraining machine learning systems and for executing machine learming
models.

{00134} In regard to the figures described herein, other embodiments are possible
within the scope of the present invention, such that the above-recited components, steps,
blocks, operations, and/or messages/requesis/queries/instructions are differently arranged,
sequenced, sub-divided, organized, and/or combined. In some embodiments, a different
component may initiate or execute a given operation. For example, in some embodiments,
the map image processing system 202 can be divided inlo several systems including a
system for image segmeniation, a system for image rotation, a system for noise filtering,
and a system for binary and/or grayscale image generation. As ancther example, in some
embodiments, the rolation and cropping of an image segment may be performed
sequentially with either process being performed first, or each process may be performed

at least partially in paraliel.

Example Embodiments

[G0135] Some example enumeraled embodiments of the present invention are recited
in this section in the form of methods, systems, and non-transitory computer-readable
media, without limitation.

[00136] One aspect of the disclosure provides a computer-implemented method of

generating a lane marking machine learning model using a pre-processed image dataset.
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The computer-implemented method may be implemented by a model generation system
comprising one or more hardware processors and configured with specific compuler-
executable instructions. Further, the computer-implemenied method may comprise:
receiving a set of training data comprising normalized images of road segments; generating
a lane marking overlay for each of the normalized images, the lane marking overlay
corresponding o lane markings of road segmenis depicted in the nomalized images;
performing a data augmentation process on each of the normalized images and the
corresponding lane marking overlay for each of the normalized images to obtain a set of
augmented images; and generating one or more machine learning models based al least in
part on the set of training data, the lane marking overlay for each of the normalized images,
and the sel of augmentied images.

{00137} The method of the preceding paragraph can include any sub-combination of
the following features. where each of the normalized images of road segmenis comprise a
binary image derived from a segment of a high definition image; where the set of {raining
data comprises at least one normalized image without lane markings; where said
generating the lane marking overlay excludes generating a lane marking overlay for the at
least one normalized image without lane markings; where said generating the lane marking
overiay comprises generaling a lane marking overlay indicating a lack of lane markings for
the at least one normalized image without lane markings; where performing the data
augmentation process comprises rotating each of the nommalized images and the
corresponding lane marking overlay for each of the normalized images {0 obtain the set of
augmentad images; where at least some of the normalized images are rotated by a
different amount than at least some cther of the normalized images; where at least some of
the normalized images are rotated by a random or pseudo-random number of degrees;
where the set of training dala comprises a second set of normalized images of road
segments, and wherein the second set of normalized images is excluded from said
performing the data augmentalion process; where each of the normalized images of road
segmenis are normalized such thal a corresponding road segment depicted in the
normalized image is rotated to align along an axis, and wherein the axis is the same for
each of the normalized images; where said generaling one or more machine leaming

models comprises generaling a plurality of machine learning models and wherein the
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method further comprises selecting a machine learning model! from the plurality of machine
learning models based on one or more selection factors; and where the one or more
selection factors comprise: a complexity of each machine learming model;, an accuracy of
gach machine learning model; or an amount of time {0 execute each machine learning
model.

[G0138] Another aspect of the disclosure provides a sysiem for generating a lane
marking machine leaming model using a pre-processed image datasel. The system may
include a non-volatile storage configured o store training data for generating one or more
machine leaming models o identify lane markings within an image of a road network; and a
model generation system comprising one or more hardware processors. The model
generation sysiem may be configured to: access from the non-volatile storage a set of
training data comprising normalized images of road segments; generate a lane marking
overiay for each of the nomnalized images, the lane marking overlay corresponding {o lane
markings of road segments depicted in the normalized images; obtain a set of augmented
images using a data augmeniation process applied to the normalized images and the
corresponding lane marking overlays; and generale oneg or more machine learning models
based ai least in part on the set of training data, the lane marking overlay for each of the
normalized images, and the set of augmentad images.

{60139 The system of the preceding paragraph can include any sub-combination of the
following features: where the set of training dala comprises at least one normalized image
without lane markings and wherein the one or more hardware processors are further
configured to exclude the at least one normalized image without lane markings when
generating the lane marking overlay for each of the normalized images; where the set of
training data comprises at least one nommalized image without lane markings and wherein
the model generation system is further configured 1o generate a lane marking overlay
indicating a lack of lane markings for the at least one normalized image without lane
markings when generating the lane marking overlay for each of the normalized images;
where the model generation system is further configured {o perform the data augmentation
process by at least rotating each of the normalized images and the corresponding lane
marking overlay for each of the normalized images o oblain the set of augmented images;

where at least some of the normalized images are rotated by a different amount than at
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least some other of the normalized images; where the set of training data comprises a
second set of normalized images of road segments, and whersin the modsl generation
system is further configured o exclude the second sst of nommalized images from the data
augmentation process; and where esach of the normalized images of road segmenis are
normalized such that a corresponding road segment depicled in the normalized image is
rotated to align along an axis, and wherein the axis is the same for each of the normalized
images.

{00140 Yet another aspect of the disclosure provides a non-fransitory computer-
readable storage medium sloring computer executable instructions thal, when executed by
one or more compuling devices, configure the one or more computing devices {o perform a
set of operations. The operations may include: receiving a set of training data comprising
normalized images of road segmenis; generating a lane marking overlay for each of the
normalized images, the lane marking overlay corresponding o lane markings of road
segments depicted in the nommalized images; obtaining a set of augmented images based
on the normalized images and the corresponding lane marking overlays; and generating
one or more machine leamning models based at least in part on the set of {raining data, the
lane marking overlay for each of the normalized images, and the set of augmented images.
[00141] Another aspect of the disclosure provides a computer-implemented mathod of
pre-processing images from a map image to facilitate an automated process of determining
lane markings. The compuler-implemented method may be implemented by a map image
processing system comprising one or more hardware processors and configured with
specific computer-execuiable instructions. Further, the computer-implemented method
may comprise: receiving an image of a road network; converting the image to a binary
image; using the binary image to identify a road within the road network; dividing a portion
of the image including a depiction of the road into image segments, each image segment
including a depiction of a road segment of the road; determining a target axis for road
segments of the road; rotaling at least one image segment o align the road segment
depiclted in the al least one image segment with the targset axis; and using the rotated at
least one image segment to identify lane markings within the image of the road network,
[00142] The method of the preceding paragraph can include any sub-combination of

the following fealures: where the image comprises a map of the road network; where the
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image comprises a lop-down two-dimensional view of the road network; where the image
comprises a high definition image; where the method further comprises cropping a portion
of at least one of the image segments {0 exclude content that does not depict a portion of
the road segment from the at least one image segment; where the target axis comprises a
horizontal axis; where the method further comprises storing the rotated at least one image
segment at a mapping repository, wherein the mapping reposifory stores iraining data for a
model generation system thal generates a machine leaming model to automatically identify
lane markings in images of road networks; where the method further comprises storing an
indication of a degree of rotation of the rotated af least one image segment at the mapping
repository; where using the binary image to identify the road within the road network
comprises: determining contours of the road based on a transition between black and white
pixels in the binary image; selecting a plurality of inflection points within the binary image;
based at least in part on a comparison of gradients among the plurality of inflection points,
identifying a starting position and an ending position of the road; and identifying the road
based on the identified starting position and the identified ending position; and where the
method further comprises providing the rotated at least one image segment and an overlay
comprising the identified lane markings to a machine learning model generation system as
training data to generate a machine learning model that identifies lane markings in images
of road networks.

[00143] Another aspect of the disclosure provides a system for pre-processing images
from a map image to facilitate an automated process of determining lane markings. The
system may include a non-volatile storage configured to slore images of road networks;
and a map image processing system comprising one or more hardware processors. The
map image processing system may be configured {o: access an image of a road network
from the non-volatile storage; convert the image to a grayscale image; use the grayscale
image to identify a road within the road network; generate image segmenis based on a
portion of the image including a depiction of the road, sach image segment including a
depiction of a road segment of the road; delermine a target axis for road segments of the
road; rotate al least one image segment to align the road segment depicted in the at least
one image segment with the target axis; and use the rotated al least one image segment to

identify lane markings within the image of the road network.
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(00144} The system of the preceding paragraph can include any sub-combination of the
following features: where the map image processing sysiem is further configured o crop a
portion of at least one of the image segments to exclude content that does not depict a
portion of the road segment from the al least one image segment; where the map image
processing system is further configured to store the rotaled at least one image segment at
the non-volatile storage, and whersin the non-volatile storage is further configured to store
training data for a model generation sysiem that generates a machine leaming model to
automatically identify fane markings in images of road networks; where the map image
processing systemn is further configured to store a measurement of a degree of rotation of
the rotaled at least one image segment at the non-volalile storage; where the map image
processing system is further configured fo use the rotated at least one image segment to
identify lane markings within the image of the road network by at least: determining
contours of the road based on a transition between at least two color gradients in the
grayscale image; selecling a plurality of inflection points within the grayscale image; based
at least in part on a comparison of gradients among the plurality of inflection points,
identifying a starting position and an ending position of the road; and identifying the road
based on the identified starting position and the identified ending position; and where the
map image processing system is further configured to provide the rotated at least one
image segment and the identified lane markings {0 a machine learning model generation
system as fraining data to generate a8 machine learning mode! that identifies lane markings
in images of road networks.

[00145] Yet ancther aspect of the disclosure provides a non-transitory computer-
readable storage medium storing computer executable instructions that, when executed by
one or more computing devices, configure the one or more computing devices to perform a
set of operations. The operations may include: receiving an image of a road network;
converting the image o a binary image; using the binary image to identify a road within the
road network; generating image segments based on a portion of the image including a
depiction of the road, each image segment including a depiction of a road segment of the
road; defermining a target axis for road segments of the road; rotating at least one image
segment to align the road segment depicted in the at least one image segment with the

target axis; and using the rolaled at least one image segment to identify lane markings
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within the image of the road network.

[G0146] The non-transitory compuler-readable storage medium of the preceding
paragraph can include any sub-combination of the following features: where the operations
further comprise removing a portion of at least one of the image segments o exclude
content that does not depict a portion of the road segment from the at least one image
segment; where the operations further comprise using the rotated at least one image
segment to identify lane markings within the image of the road network by: determining
contours of the road based on a fransition between black and while pixels in the binary
image; selecting a plurality of inflection points within the binary image; based at least in part
on a comparison of gradienis among the plurality of inflection points, identifying a starting
position and an ending position of the road; and identifying the road based on the identified
starting position and the identified ending position; and where the operations further
comprise providing the rotated at least one image segment and the identified lane markings
to a machine learning model generation system as training data to generale a machine
fearning model that identifies lane markings in images of road networks.

[00147] Another aspect of the disclosure provides a computer-implemented method of
performing an automated lane marking process on an image of a road network using a
machine leaming model. The computer-implemented method may be implemented by a
lane detection system comprising one or more hardware processors and configured with
specific computer-execuiable instructions. Further, the computer-implemented method
may comprise: accessing a rotated image segment depicting a road segment, wherein the
rotated image segment comprises a rolated portion of an image of a road network, and
wherein the rolated image segment is rotated {0 align the road segment with a target axis;
applying the rotated image segment to a machine learning mode! (o oblain a lane marked
rotated image segment; determining a degree of rotation with respect to the target axis of
the rolated image segment; counter rotating the lane marked rotated image segment by the
degree of rotation to obtain a lane-marked image segment; and updating the image of the
road network based at least in part on the lane-marked image segment {o obtain an
updated image.

[00148] The method of the preceding paragraph can include any sub-combination of

the following features: where lane markings on the lane-marked rolated image segment or
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on the lane-marked image segment are included as part of an overlay layer that provides
lane marking data for one or more of. a vehicle routing system, a driver-assist system, or
an autonomous vehicle system; where the degree of rotation comprises an amount that a
portion of the image of the road network was rolated to obtain the rotaled image segment;
where the degree of rotation is determined from meladata associated with the rolaled
image segment; where the image of the road network comprises a map of the road
network; where updating the image of the road network comprises replacing a
corresponding portion of the image with the lane-marked image segment; where updating
the image of the road network comprises applying lane markings from the lane-marked
image segment to a corresponding portion of the image; where the method further
comprises storing the updated map at a map repository configured {o store mapping data
for one or more of. a vehicle routing system, a driver-assist system, or an autonomous
vehicle system; and where the target axis comprises a horizontal axis.

{00149} Another aspect of the disclosure provides a system for performing an
automated lane marking process on an image of a road network using a machine leaming
model. The systemn may include a storage configured to store rotated image segments
depicting portions of roads rotated {o align with a target axis; and a lane delection system
comprising one or more hardware processors. Further, the lane detection system may be
configured to: access from the storage a rotaled image segment depicting a road segmeni,
wherein the rotated image segment is a rotated portion of an image of a road network, and
wherein the rotated image segment is rotated {0 align the road segment with the target
axis; input the rotated image segment {0 a machine learming model to oblain a lane-marked
rotated image segment; determing a degree of rotation with respect (o the target axis of the
rolated image segment; counter rotale the lane-marked rotated image segment by the
degree of rotation {0 obtain a lane-marked image segment; and modify the image of the
road network based at least in part on the lane-marked image segment 1o obtain a modified
image.

[00150] The system of the preceding paragraph can include any sub-combination of the
following Teatures: where the lane detection system is further configured {o generate an
overlay layer that includes lane markings from the lane-marked rotated image segment or

the lane-marked image segment, and whersin the overlay layer is provided to one or more
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of: a vehicle rouling system, a driver-assist system, or an autonomous vehicle system;
where the degree of rotation comprises an amount that a portion of the image of the road
network was rotated o obtain the rolated image segment; where the lane detection system
is further configured to modify the image of the road network by replacing a corresponding
portion of the image with the lane-marked image segment; where the lane detection system
is further configured to modify the image of the road network by applying lane markings
from the lane-marked image segment {0 a corresponding portion of the image; where the
lane detection system is further configured o store the modified map at a map repository
configured to slore mapping data for one or more of: a vehicle routing syslem, a driver-
assist system, or an autonomous vehicle system; and where the storage comprises the
map repository.

[00151] Yet another aspect of the disclosure provides a non-transitory computer-
readable storage medium sloring computer executable instructions that, when executed by
one or more compuling devices, configure the one or more computing devices o perform a
set of operations. The operations may include: obiaining a rotated image segment
depicting a road segment, wherein the rotated image segment is a rotated portion of an
image of a road network, and wherein the rotated image segment is rotated {o align the
road segment with a target axis; applying the rotated image segment as input to 2 machine
learning model to oblain a lane-marked rolated image segment; determining a degree of
rotation with respect to the target axis of the rotated image segment; counter rotating the
lane-marked rolated image segment by the degree of rotation to oblain a lane-marked
image segment; and annotating the image of the road network based at least in part on the
lane-marked image segment to obiain an annolated image.

[00152] The non-transitory computer-readable storage medium of the preceding
paragraph can include any sub-combination of the following features: where the operations
further comprise: generating an overlay layer that includes lane markings from the lane-
marked rotated image segment or the lane-marked image segment; and providing the
overlay layer {0 one or more of. a vehicle rouling system, a driver-assist system, or an
autonomous vehicle system; where annotating the image of the road network comprises
replacing a corresponding portion of the image with the lane-marked image segment; and

where annotaling the image of the road network comprises applying lane markings from the
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lane-marked image segment (o a corresponding portion of the image.

[60153] in other embodiments, a system or systems may operate according to ong or
more of the methods and/or computer-readable media recited in the preceding paragraphs.
In yet other embodiments, a method or methods may operate according to one or more of
the systems and/or compuler-readable media recited in the preceding paragraphs. In yet
more embodiments, a compuler-readable medium or media, excluding transitory
propagating signals, may cause one or more computing devices having one or more
processors and non-transitory computer-readable memory to operale according o one or

more of the systems and/or methods recited in the preceding paragraphs.

Terminology
{00154 Conditional language, such as, among others, “can,” “could,

8 kR

might,” or “may,”
uniess specifically stated otherwise, or otherwise understood within the context as used, is
generally intended to convey thal certain embaodiments include, while other embodiments
do not include, certain features, elements and/or steps. Thus, such conditional language is
not generally intended to imply that features, elements and/or sieps are in any way required
for one or more embodiments or that one or more embodiments necessarily include logic
for deciding, with or without user input or prompting, whether these features, slemenis
and/or steps are included or are to be performed in any particular embodiment.

[001558] Unless the context clearly requires otherwise, throughout the description and
the claims, the words “comprise,” “comprising,” and the like are to be construed in an
inclusive sense, as opposed o an exclusive or exhaustive sense, i.e., in the sense of
“including, but not limited t0.” As used herein, the terms "connected,” "coupled,” or any
variant therecf means any connection or coupling, either direct or indirect, between two or
more elements; the coupling or connection belween the elements can be physical, logical,

L1 11

or a combination thereof. Additionally, the words “herein,” "above,” "below,” and words of
similar import, when used in this application, refer o this application as a whole and not lo
any particular portions of this application. Where the context permits, words using the
singular or plural number may also include the plural or singular number respeclively. The
word "or" in reference to a list of two or more items, covers all of the following

interpretations of the word: any one of the items in the list, all of the items in the list, and
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any combination of the items in the list. Likewise the term “and/or” in reference o a list of
two or more items, covers all of the following interpretations of the word: any one of the
items in the list, all of the items in the list, and any combination of the items in the list.
[G0156] In some embodiments, cerlain operations, acts, events, or functions of any of
the algorithms described herein can be performed in a different seqguence, can be added,
merged, or left oui altogether {e.qg., not all are necessary for the practice of the algorithms).
in certain embodimenis, operations, acts, functions, or evenis can be performed
concurrently, e.g., through multi-threaded processing, interrupt processing, or mulliple
Processors or processor cores or on other parallel architectures, rather than sequentially.
{0157 Systems and modules described herein may comprise software, firmwars,
hardware, or any combination{s) of software, firmware, or hardware suilable for the
purposes described. Software and other modules may reside and execute on servers,
workstations, personal computers, computerized tablets, PDAs, and other computing
devices suilable for the purposes described herein. Software and other modules may be
accessible via local computer memory, via a network, via a browser, or via other means
suitable for the purposes described herein. Data structures described hersin may comprise
computer files, variables, programming arrays, programming structures, or any electronic
information storage schemes or methods, or any combinations thereof, suilable for the
purposes described herein. User interface elements described herein may comprise
glements from graphical user interfaces, interaclive voice response, command line
interfaces, and other suitable interfaces.

[00158] Further, processing of the various components of the illustrated systems can
be distributed across mulliple machines, networks, and other computing resources. Two or
more components of a system can be combined into fewer components. Various
components of the illustrated sysiems can be implemented in one or more virtual
machines, rather than in dedicaled computer hardware systems and/or computing devices.
Likewise, the dala repositories shown can represent physical and/or logical data storags,
including, e.g., storage area networks or other distributed slorage systems. Moreover, in
some embodiments the connections between the components shown represent possible
paths of data flow, rather than actual conneclions betwsen hardware. While some

gxamples of possible connections are shown, any of the subset of the components shown
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can communicate with any other subset of components in various implementations.

{60159 Embaodiments are also described above with reference to flow chart llustrations
andfor block diagrams of methods, apparatus (systems) and computer program products.
Each block of the flow chart llustrations and/or block diagrams, and combinations of blocks
in the flow chart illustrations and/or block diagrams, may be implemented by computer
program instructions. Such instructions may be provided {0 a processor of a general
purpose computer, special purpose computer, specially-equipped computer (e.g.,
comprising a high-performance database server, a graphics subsysiem, elc.) or cther
programmabile dala processing apparaius {o produce a machine, such that the insiructions,
which execute via the processor{s) of the computer or other programmabile data processing
apparatus, creale means for implementing the acts specified in the flow chart and/or block
diagram block or blocks. These computer program instructions may also be slored in a
non-transitory  computer-readable memory that can direct a computer or other
programmable data processing apparalus {0 operate in a particular manner, such that the
instructions stored in the computer-readable memory produce an article of manufaciure
including instruction means which implement the acls specified in the flow charl and/or
block diagram block or blocks. The computer program instructions may also be loaded to a
computing device or other programmable data processing apparatus (¢ cause operations {o
be performed on the computing device or other programmable apparatus to produce a
computer implemented process such that the instructions which execule on the computing
device or other programmable apparatus provide steps for implementing the acts specified
in the flow chart and/or block diagram block or blocks.

(601607 Any patents and applications and other references noted above, including any
that may be listed in accompanying filing papers, are incorporated herein by reference.
Aspects of the invention can be modified, if necessary, o employ the systems, functions,
and concepts of the various references described above to provide yet further
implementations of the invention. These and other changes can be made to the invention in
light of the above Detailed Description. While the above description describes certain
examples of the invention, and describes the best mode contemplated, no matier how
detailed the above appears in texi, the invention can be practiced in many ways. Details of

the system may vary considerably in iis specific implementation, while still being
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encompassed by the invention disclosed herein. As noled above, particular terminoclogy
used when describing certain features or aspects of the invention should not be taken fo
imply that the terminology is being redefined herein {0 be restricled io any specific
characteristics, fealures, or aspecis of the invention with which that terminology is
associaled. In general, the terms used in the following claims should not be construed to
limit the invention to the specific examples disclosed in the specification, unless the above
Detailed Description section explicitly defines such terms. Accordingly, the actual scope of
the invention encompasses not only the disclosed examples, but also all eguivalent ways of
practicing or implementing the invention under the claims.

[060161] To reduce the number of claims, cerfain aspects of the invention are presented
below in certain claim forms, but the applicant contemplates other aspects of the invention
in any number of claim forms. For example, while only one aspect of the invention is recited
as a means-plusfunction claim under 35 U.S.C sec. 112{) {AlA), other aspecis may
likewise be embodied as a means-plus-function claim, or in other forms, such as being
embodied in a computer-readable medium. Any claims intended o be treated under 35
U.S.C. §112(F) will begin with the words “means for,” but use of the term "for” in any other
context is not intended to invoke treatment under 35 U.B.C. §112{f). Accordingly, the
applicant reserves the right to pursue additional claims after filing this application, in either

this application or in a continuing application.
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What is claimed is:

1. A compuler-implemented method of generating a lane marking machine
learning model using a pre-processed image dalaset, the computer-implemented method
comprising:

as implemented by a model generation sysiem comprising one or more
hardware processors and configured with specific computer-execulable instructions,

receiving a set of training data comprising normalized images of road
segments;

generating a lane marking overlay for each of the normalized images,
the lane marking overlay corresponding to lane markings of road segmenis
depicted in the normalized images;

performing a data augmentation process on each of the normalized
images and the corresponding lane marking overlay for each of the
normalized images o oblain a setf of augmented images; and

generating one or more machine learning models based at least in part
on the set of fraining data, the lane marking overlay for each of the
normalized images, and the set of augmented images.

2. The computer-implemented method of claim 1, wherein each of the
normalized images of road segments comprise a binary image derived from a segment of a
high definition image.

3. The computer-implemented method of claim 1, wherein the set of training
data comprises at least one normalized image without lane markings.

4. The computer-implemented method of claim 3, wherein said generating the
lane marking overlay excludes generating a lane marking overlay for the at least one
normalized image without lane markings.

5. The computer-implemented method of claim 3, wherein said generating the
lane marking overlay comprises generating a lane marking overlay indicating a lack of lane
markings for the at least one normalized image without lane markings.

6. The computer-implemented method of claim 1, wherein performing the data

augmentation process comprises rofaling each of the normalized images and the
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corresponding lane marking overlay for each of the normalized images o obtain the set of
augmented images.

7. The computer-implemented method of claim 6, wherein at least some of the
normalized images are rolated by a different amount than at least some other of the
normalized images.

8. The computer-implemented method of claim 6, wherein at least some of the
normalized images are rolated by a random or pseudo-random number of degrees.

8. The compuler-implemented method of claim 1, wherein the set of iraining
data comprises a second set of normalized images of road segments, and wherein the
second set of normalized images is excluded from said performing the dala augmentation
ProCcess.

10. The computer-implemented method of claim 1, wherein each of the
normalized images of road segments are normalized such that a corresponding road
segment depicted in the normalized image is rotated {o align along an axis, and whersin
the axis is the same for each of the normalized images.

11.  The computerimplemented method of claim 1, whersin said generating cne
or more machine leaming models comprises generating a plurality of machine learning
models and wherein the method further comprises selacting a machine learning mode! from
the plurality of machine learning models based on one or more selection factors.

12. The computer-implemented method of claim 11, wherein the one or more
selection factors comprise: a complexity of each maching learning model; an accuracy of
each maching leaming model;, or an amount of time {0 execute each machine leaming
model.

13. A system for generating a lane marking machine learning model using a pre-
processed image dataset, the system comprising:

a non-volatile slorage configured o store training data for generating one or
more machine learning models to identify lane markings within an image of a road
network; and

a model generation system comprising one or more hardware processors

configured {o:

54



WO 2020/139357 PCT/US2018/067744

access from the non-volatile storage a set of fraining data comprising
normalized images of road segments;

generale a lane marking overlay for each of the nommalized images,
the lane marking overlay corresponding to lane markings of road segments
depicted in the normalized images;

obtain a set of augmented images using a data augmentation process
applied to the normalized images and the corresponding lane marking
overlays; and

generaie one or more machine learning models based at least in part
on the set of fraining data, the lane marking overlay for each of the
normalized images, and the set of augmented images.

14. The system of claim 13, wherein the sel of training data comprises at least
one nomalized image without lane markings and wherein the one or more hardware
processors are further configured to exclude the at least one normalized image without lane
markings when generating the lane marking overlay for each of the normalized images.

15. The system of claim 13, wherein the sel of training data comprises at least
one normalized image without lane markings and wherein the model generation system is
further configured to generate a lane marking overlay indicaling a lack of lane markings for
the at lsast one normalized image without lane markings when generating the lane marking
overiay for each of the normalized images.

16. The system of claim 13, wherein the model generation system is further
configured to perform the dala augmentation process by al least rotating each of the
normalized images and the corresponding lane marking overlay for each of the normalized
images (o obtain the set of augmented images.

17.  The system of claim 16, wherein al least some of the normalized images are
rotated by a different amount than at least some other of the normalized images.

18. The sysiem of claim 13, wherein the set of training data comprises a second
sel of normalized images of road segments, and wherein the model generation system is
further configured to exclude the second sel of normalized images from the dala

augmentation process.
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19. The system of claim 13, wherein each of the normalized images of road
segments are normalized such that a corresponding road segment depicted in the
normalized image is rolated {o align along an axis, and wherein the axis is the same for
gach of the normalized images.

20. A non-transitory compuler-readable slorage medium storing computer
executable instructions that, when executed by one or more computing devices, configure
the one or more computing devices to perform operalions comprising:

receiving a set of itraining data comprising normalized images of road
segments;

generating a lane marking overlay for each of the normalized images, the
lane marking overlay corresponding to lane markings of road segmenis depicied in
the normalized images;

gbtaining a set of augmented images based on the nommalized images and
the corresponding lane marking overlays; and

generaling one or more machine learming models based at least in part on the
set of training data, the lane marking overlay for each of the normalized images, and

the set of augmented images.
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