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POSE DETERMINATION FROM CONTACT POINTS

CROSS REFERENCE TO RELATED APPLICATIONS

[0001] This patent application claims priority to U.S. Utility patent application with
Serial No. 15/814,870, filed November 16, 2017. Application Serial No. 15/814,870 is

fully incorporated herein by reference.

BACKGROUND
[0002] Machine vision systems can capture data of an environment to determine
the presence of objects and obstacles in the environment. Such machine vision systems
often use cameras to capture a two-dimensional representation of an environment.
However, the two-dimensional representation of objects is often insufficient to
accurately determine information regarding the location, size, or motion information

associated with the various objects.

BRIEF DESCRIPTION OF THE DRAWINGS
[0003] The detailed description is described with reference to the accompanying
figures. In the figures, the left-most digit(s) of a reference number identifies the figure
in which the reference number first appears. The use of the same reference numbers in
different figures indicates similar or identical components or features.
[0004] FIG. 1 illustrates a pictorial flow diagram of an example process for
determining a three-dimensional bounding box associated with an object orientation
based on image data and object contact points, in accordance with embodiments of the
disclosure.
[0005] FIG. 2 illustrates an example architecture for implementing the techniques
for determining an object orientation based on image data and object contact points.
[0006] FIG. 3A depicts an example top view of determining rays associated with
object contact points for unprojecting the rays onto a three-dimensional surface mesh,
in accordance with embodiments of the disclosure.
[0007] FIG. 3B depicts an example side view of determining rays associated with
object contact points for unprojecting the rays onto a three-dimensional surface mesh,

1n accordance with embodiments of the disclosure.
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[0008] FIG. 4 depicts an example process of determining a three-dimensional
bounding box based at least in part on optimizing one or more locations of a projected
object location based on a plurality of cost functions, as discussed herein.

[0009] FIG. 5 depicts an example process for determining a ray casting cost for
determining an object orientation based on image data and object contact points, as
discussed herein.

[0010] FIG. 6 depicts an example process for determining a mesh normal cost for
determining an object orientation based on image data and object contact points, as
discussed herein.

[0011] FIG. 7 depicts an example process for determining a reprojection cost for
determining an object orientation based on image data and object contact points, as
discussed herein.

[0012] FIG. 8 depicts an example process for determining a dynamics cost for
determining an object orientation based on image data and object contact points, as
discussed herein.

[0013] FIG. 9 depicts a block diagram of an example computer system for

implementing the techniques described herein.

DETAILED DESCRIPTION
[0014] This disclosure describes methods, apparatuses, and systems for
determining an object position and/or orientation based on image data and object
contact points. In some instances, the object position and/or orientation can be defined
by, for example, a three-dimensional bounding box. For example, an autonomous
vehicle can include an image sensor to capture image data representing an environment.
A detection component can detect an object, such as another vehicle, represented in the
image data, and can provide the image data to an object contact point component that
can identify contact points of the vehicle and the surface within the image. For
example, the object contact point component can include a machine learning algorithm
trained to detect contact points between wheels of a vehicle and the ground. For an
individual vehicle contact point (e.g., a left-front wheel or tire of the vehicle), a ray can
be determined that originates from an endpoint (e.g., an origin) associated with the
image sensor and passes through the object contact point. To determine a depth (e.g.,
distance) between the image sensor and the object contact point, the ray can be

unprojected onto a three-dimensional surface mesh, and an intersection point between
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the ray and the three-dimensional surface mesh can be used as an initial estimate for
the projected location of the object contact point. The projected location can be
adjusted based on various cost functions to optimize an accuracy of the locations of the
projected object contact points. With the object contact points projected onto the three-
dimensional surface mesh, a three-dimensional bounding box can be determined that
represents various observations about the vehicle. For example, the observations can
include, but are not limited to, orientation, length, width, velocity, and the like.
Accordingly, the three-dimensional bounding box representing the object in the
environment can be provided to a prediction system or a planner system of the
autonomous vehicle to generate a trajectory for the autonomous vehicle to navigate the
environment.

[0015] The methods, apparatuses, and systems discussed herein can be used to
determine a positions and/or orientation of a plurality of objects in an environment. For
example, objects can include, but are not limited, vehicles with any number of wheels
(e.g., one, two, three, four, eighteen, etc.) and are not limited to any particular type of
vehicle. Examples of such objects include, but are not limited to, cars, trucks, vans,
busses, bicycles, motorcycles, tricycles, unicycles, skateboards, pedestrians, and
the like.

[0016] In some instances, the detection component can receive image data captured
by an image sensor to detect an object represented in the image data. In some instances,
the detection component can include a two-dimensional bounding box component,
which can receive the image data and determine a two-dimensional bounding box that
identifies the object. In some instances, the two-dimensional bounding box component
can perform segmentation and/or classification to identify the object and/or to
determine the two-dimensional bounding box.

[0017] In some instances, the image data including the two-dimensional bounding
box associated with an object can be provided to the object contact point component to
identify the object contact points in the image data. In an example where the object is
a vehicle, the object contact points can represent a location of a wheel or tire of the
vehicle intersecting with a ground or road surface. In some instances, the object contact
point component can determine a location of the object contact point in the image data,
as well as whether the object contact point corresponds to a particular wheel or tire
(e.g.. a left-front wheel, a right-front wheel, a left-rear wheel, a right-rear wheel, and

the like). Further, the object contact point component can determine an uncertainty
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associated with a location of the individual object contact points in the image data. In
some instances, the object contact point component can determine (e.g., estimate) an
object contact point despite the wheel or tire being occluded by obstacles or the object
itself. In some instances, the object contact point component can include an identifier
associated with the object contact point indicating whether the object contact point is
occluded or not.

[0018] A location of the autonomous vehicle capturing the image data can be
determined with respect to a three-dimensional surface mesh or map of the
environment. For example, the autonomous vehicle can utilize one or more light
detection and ranging (LIDAR) sensors, RADAR sensors, GPS sensors, inertial
measurement units (IMUs), etc., to localize the autonomous vehicle with respect to the
three-dimensional surface or map. Further, since the location of the image sensor
relative to the autonomous vehicle is known (or can be determined), a ray can be
determined originating from an endpoint associated with the image sensor or
autonomous vehicle and passing through an individual object contact point.
Accordingly, based at least in part on a known location of the autonomous vehicle and
a known location of the image sensor, a three-dimensional surface mesh component can
be used to unproject a ray associated with an individual vehicle contact point onto the
three-dimensional surface mesh to determine a projection location or intersection point
associated with the ray. Each ray can be unprojected onto the three-dimensional surface
mesh to determine a location of each object contact point on the three-dimensional
surface. Because a location of the object contact points are known with respect to a
three-dimensional surface, as the object moves over time (and accordingly, as various
frames of object contact points are captured over time), various observations about the
object such as orientation, length, width, velocity, etc. can be determined over time.

2 <c

[0019] As used herein, the term “unproject,” “unprojected,” or “unprojecting” can

refer to a conversion of two-dimensional data into three-dimensional data, while in

29 <

some cases, the term “project,” “projected,” or “projecting” can refer to a conversion
of three-dimensional data into two-dimensional data.

[0020] As mentioned above, individual object contact points can be associated with
an uncertainty associated with an accuracy or confidence value associated with location
of the object contact point in the image data. As the object contact points are
unprojected onto the three-dimensional surface, the uncertainty can be unprojected as

well. That is, a first uncertainty can be associated with an uncertainty of the object
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contact point in the image data, while a second uncertainty can be associated with an
uncertainty of the object contact point on the three-dimensional surface mesh. Further,
the second uncertainty can be based at least in part on the first uncertainty. In some
instances, the second uncertainties and/or location can be determined from the first
uncertainties based at least in part on an unscented transform.

[0021] Accordingly, the various object contact points can include individual
uncertainties of the respective object contact points with respect to the three-
dimensional surface mesh. In some instances, various cost functions can be used to
optimize a location of the object contact points on the three-dimensional surface, with
the various uncertainties informing the cost functions how to adjust the various contact
points. In some instances, the various cost functions can include a ray casting cost
component, a mesh normal cost component, a reprojection cost component, and a
dynamics cost component.

[0022] In some instances, the ray casting cost component can include functionality
to determine a cost or error associated with unprojecting the ray onto the three-
dimensional surface mesh. For example, each object contact point can be associated
with an uncertainty. The ray casting cost component can determine, in general, a
measure of how close the estimated location of the object contact point with respect to
the three-dimensional surface mesh is to the unprojected location of the ray onto the
three-dimensional surface mesh.

[0023] In some instances, the mesh normal cost component can include
functionality to determine a cost or error associated with differences between a normal
vector associated with a three-dimensional bounding box associated with the vehicle
and a normal vector associated with a surface on which the vehicle is located. This
constraint ensures that the predicted object lies flat on the surface on which it is sitting.
For example, the mesh normal cost component can determine a first plane associated
with the projected object contact points (e.g., by performing a cross product of vectors
connecting contact points, by using a vector associated with a height of the bounding
box, etc.), and can determine a first normal vector associated with that first plane (e.g.,
by cross-products of nearest neighbor points on the plane, etc.). Further, the mesh
normal cost component can determine a second plane associated with points associated
with the three-dimensional surface mesh, and can determine a second normal vector
associated with the second plane. The mesh normal component can determine a

difference (e.g., a dot product, or other measure of difference) between the first normal
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vector and the second normal vector to determine if the object orientation is consistent
with an orientation of the three-dimensional surface mesh (e.g., the ground).

[0024] In some instances, the reprojection cost component can include functionality
to project estimated locations of the projected object contact points (e.g., after
adjustments, optimization, or manipulations) into the image data to determine whether
the estimated locations of the object contact points with respect to the three-dimensional
surface mesh are with threshold distances or values of the initial locations of the object
contact points represented in the image data. This constraint ensures that locations of
the contact points in the mesh are consistent with the two-dimensional contact points in
the image.

[0025] In some instances, the dynamics cost component can include functionality
to evaluate a location of the object contact points over time to determine a velocity of
the object. For example, the dynamics cost component can utilize a sliding window of
N frames (where N is an integer) to evaluate motion of the object and to determine
whether the locations of the object contact points are consistent with such motion over
time.

[0026] Accordingly, the projected locations of the object contact points can be
optimized using a variety of cost functions and over a sliding window to provide a
robust determination of object observations. In some instances, the object observations
can include 14 degrees of freedom (DOF), representing 6 DOF associated with the
object location, 6 DOF associated with the object motion, and 2 DOF associated with
the object width and length. In such instances, a height of the bounding box may be
ignored, as it may not impact how the autonomous vehicle traverses the environment.
In other words, the autonomous vehicle’s driving is independent of the height of objects
in an environment. In some instances, the object observations can include 8 degrees of
freedom (e.g., 6 DOF representing the object location and orientation (pose) and 2 DOF
representing the extents (e.g., length and width) of the bounding box). In some
instances, the object observations can include 15 degrees of freedom (e.g., similar to
the 14 DOF discussed above, with an additional height observation associated with the
bounding box). Accordingly, the object observations can be represented as a three-
dimensional bounding box with associated information that can be provided to other
computer vision systems or components of an autonomous vehicle for subsequent
processing, including but not limited to segmentation, classification, prediction,

trajectory generation for an autonomous vehicle, and the like.
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[0027] The object orientation determination techniques described herein can
improve a functioning of a computing device by providing a robust mechanism for
determining object data in an environment using image data. For example, in some
instances, the techniques used herein can provide robust object data outside the range
of traditional sensors such as LIDAR or RADAR. Further, the techniques can be robust
with respect to occlusions of the image data, such that partially occluded representations
of objects can be used to determine object orientations, motion, extents, and the like.
Further, the use of object contact points provides a robust model that may function on
a variety of objects, and may not rely on determining particular makes or models of
vehicles for determining sizes and/or distances from the autonomous vehicle. Further,
the three-dimensional bounding boxes of objects in an environment can allow various
systems of an autonomous vehicle performing segmentation, classification, route
planning, trajectory generation, and the like to be performed more accurately, may
require less processing power, and/or may require less memory. For example, more
accurate object information may be utilized in generating a trajectory of an autonomous
vehicle, which may improve safety for occupants of an autonomous vehicle. These and
other improvements to the functioning of the computer are discussed herein.

[0028] In some instances, the techniques discussed herein can be implemented in a
system including image sensor(s) (e.g., RGB cameras), depth cameras (e.g., RGB-D
cameras (e.g., time-of-flight cameras)), LIDAR sensors, RADAR sensors, SONAR
sensors, and the like, to provide redundancy to the system in the event of hardware or
software failure. For example, in the event that a depth camera is occluded or broken,
the techniques discussed herein can be used with an image sensor to provide
redundancy and/or backup to ensure that dense depth information can be available
under many circumstances. Thus, the techniques discussed herein provide additional
improvements to machine vision systems, for example.

[0029] The methods, apparatuses, and systems described herein can be
implemented in a number of ways. Example implementations are provided below with
reference to the following figures. Although discussed in the context of an autonomous
vehicle, the methods, apparatuses, and systems described herein can be applied to a
variety of systems using machine vision, and is not limited to autonomous vehicles.
Further, although described in connection with a determining a position with respect to
a three-dimensional surface mesh, any three-dimensional surface or two-dimensional

surface can be used to estimate distances or positions. In another example, the methods,
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apparatuses, and systems may be utilized in a manufacturing assembly line context, or
in an aerial surveying context. Further, the datasets may include data from stereoscopic
cameras, depth cameras, LIDAR sensors, RADAR sensors, acoustic sensors, etc., and
may include any number of layers or channels, which may correspond to any number
of dimensions. Additionally, the techniques described herein may be used with real
data (e.g., captured using sensor(s)), simulated data (e.g., generated by a simulator), or
any combination of the two.

[0030] FIG. 1 illustrates a pictorial flow diagram 100 of an example process for
determining a three-dimensional bounding box associated with an object orientation
based on image data and object contact points, in accordance with embodiments of the
disclosure.

[0031] At operation 102, the process can include receiving image data including a
representation of an object, such as a vehicle. In some instances, the operation 102 can
include capturing, by at least one image sensor associated with an autonomous vehicle,
the image data received in the operation 102. In some instances, the operation 102 can
include capturing image data by a plurality of image sensors and fusing the image data.
As illustrated in an example 104, image data 106 can include a representation of
vehicles 108 and 110. Of course, the operation 102 can be performed by any system
utilizing machine vision, and is not limited to the context of autonomous vehicles.
[0032] At operation 112, the process can include determining object contact
point(s) of objects (e.g., the vehicles 108 and 110) represented in the image data 106.
In some instances, the operation 112 can include determining a two-dimensional
bounding box associated with a particular object to identify the vehicles 108 and 110
in the image data. In an example 114, a two-dimensional (2-D) bounding box 116 is
shown identifying boundaries of the vehicle 108 in the image data 106.

[0033] The object contact point(s) determined in the operation 112 are illustrated
as vehicle contact points 118, 120, 122, and 124. In particular, the right-rear vehicle
contact point 118 illustrates a contact point between the right-rear wheel or tire of the
vehicle 108 and a surface of the road in the image data 106. The left-rear vehicle contact
point 120 illustrates a contact point between the left-rear wheel or tire of the vehicle
108 and a surface of the road in the image data 106. The right-front vehicle contact
point 122 illustrates a contact point between the right-front wheel or tire of the

vehicle 108 and a surface of the road in the image data 106. And the left-front vehicle
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contact point 124 illustrates a contact point between the left-front wheel or tire of the
vehicle 108 and a surface of the road in the image data 106.

[0034] As illustrated, the left-rear vehicle contact point 120 may be occluded by
other aspects of the vehicle 108. Nevertheless, the operation 112 can include
determining object contact points for wheels or tires that are occluded in the image
data 106. In some instances, the operation 112 can include determining an identifier or
flag associated with each object contact point indicating whether the object contact
point is occluded or not. Further, the operation 112 can include determining an
uncertainty associated with the object contact point. In some instances, the uncertainty
can represent a probability distribution of the various positions that the vehicle contact
points 118, 120, 122, and 124 can represent. In some instances, an amount or degree
of uncertainty can be represented visually as a size of circle or oval surrounding the
vehicle contact points 118, 120, 122, and 124, respectively.

[0035] In some instances, the operation 112 can be performed by a machine
learning algorithm that has been trained to detect vehicle contact points in image data.
For example, the operation 112 can be performed, at least in part, by a neural network
trained to receive image data (with or without the two-dimensional bounding box 116
identifying the vehicle 108) and return the vehicle contact points 118, 120, 122,
and 124.

[0036] At operation 126, the process can include determining a distance between
an image capture device and each of the one or more object contact point(s) of the
object. In an example 128, an image sensor 130 is illustrated as having captured the
image data 106 used to determine the vehicle contact points 118, 120, 122, and 124.
Further, rays 132 are illustrated as emanating from the image sensor 130 and traversing
through individual ones of the vehicle contact points 118, 120, 122, and 124. The
rays 132 associated with the vehicle contact points 118, 120, 122, and 124 may not be
associated with a depth or distance information (e.g., may be visualized as an infinite
vector originating at the sensor origin and passing through each of the object contact
points).

[0037] In general, the operation 126 can include determining a ray of the rays 132
and unprojecting the ray onto a three-dimensional surface or map. As noted above, an
unprojection can refer to a transformation from a two-dimensional frame of reference
into a three-dimensional frame of reference, while a projection can refer to a

transformation from a three-dimensional frame of reference to into a two-dimensional
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frame of reference. In some instances, the operation 126 can include determining a
location of the image sensor relative to the three-dimensional surface and unprojecting
the ray onto the three-dimensional surface based at least in part on the geometry of the
ray, intrinsic and extrinsic information associated with the image sensor 130 (e.g., focal
length, center, lens parameters, height, direction, tilt, etc.), and the known location of
the image sensor 130. In some instances, the ray can be unprojected onto the three-
dimensional surface, and the distances between the image capture device and the
various object contact points unprojected onto the three-dimensional surface can be
determined. In some instances, the three-dimensional surface mesh can correspond to
a detailed map representing an environment that has been generated or built up over
time using measurements from one or more sensors (LIDAR, camera, depth, etc.) or
other mapping software and/or hardware.

[0038] In some instances, the operation 126 can include determining a distance
between the image capture device and the object based at least in part on data from one
or more LIDAR sensors, RADAR sensors, GPS sensors, stereoscopic cameras, one or
more depth cameras (e.g., time of flight sensors), and the like. Further, in some
instances, the operation 126 can include determining a ray of the rays 132 and
projecting the ray onto a two-dimensional surface that provides a simplified
representation of the surface of the ground.

[0039] Additional details for determining the distance between the image capture
device and the object based at least in part on the object contact point(s), and additional
details for unprojecting the object contact points onto a three-dimensional surface mesh,
are provided below in connection with FIGS. 3A and 3B, and throughout this
disclosure.

[0040] At operation 134, the process can include determining a three-dimensional
(3-D) bounding box and information (e.g., position, velocity, width, length, etc.)
associated with the object based at least in part on the object contact point(s) and the
distance. In an example 136, a three-dimensional (3-D) bounding box 138 is illustrated
as being associated with the vehicle 108. In some instances, aspects of the operation
102, 112, and 126 can be repeated or performed continuously to determine updated
object contact point(s) over time. Further the operation 134 can include aggregating
the object contact point(s) over time or performing processing on a sliding window of
N frames to determine a velocity of the vehicle 108 over time. For example, the

operation 134 can include determining a velocity of the vehicle 108 by determining a
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distance that the vehicle 108 has moved from a position at a first time to a position at a
second time. In some instances, the operation 134 can include determining a velocity
of the vehicle 108 based at least in part on a physics-based model. For example, the
physics-based mode can include, but is not limited to, a rigid body dynamics model, a
vehicle model based on actual vehicle characteristics (e.g., friction, acceleration,
length/width, etc.), and/or a simplified model whereby a vehicle is represented as a
“bicycle” (e.g., a vehicle with four wheels is simplified as a motorcycle or bicycle).
[0041] Further, the operation 134 can include adjusting locations of the various
object contact points unprojected onto the three-dimensional surface based at least in
part on an uncertainty associated with the various object contact points, and based at
least in part on various cost functions. In some instances, and as discussed in more
detail herein, the various cost functions can be evaluated simultaneously or
substantially simultaneously within a sliding window to optimize a position of the
object contact points with respect to the various costs or errors.

[0042] In some instances, the operation 134 can include providing the three-
dimensional bounding box to other systems of an autonomous vehicle, such as a
prediction system and/or a planning system to determine or generate a trajectory for the
autonomous vehicle based at least in part on the three-dimensional bounding box 138.
For example, the operation 134 can include generating a trajectory for an autonomous
vehicle so that the autonomous vehicle does not collide with the object represented by
the three-dimensional bounding box 138.

[0043] FIG. 2 illustrates an example architecture 200 for implementing the
techniques for determining an object orientation based on image data and object contact
points. For example, the architecture 200 can include a sensor component 202, a two-
dimensional bounding box component 204, an object contact point component 206, a
localization component 208, a three-dimensional surface mesh component 210, an
optimization component 212, a prediction component 214, and a planner
component 216.

[0044] Further, the sensor component 202 can include any number of sensors,
including but not limited to an image sensor 218, a LIDAR sensor 220, a RADAR
sensor 222, an inertial measurement unit (IMU) 224, and the like.

[0045] In some instances, the image sensor 218 can include any color cameras (e.g.,
RGB), monochrome cameras, infrared (IR) cameras, depth-cameras (e.g., time of flight

cameras), ultraviolet (UV) cameras, stereoscopic cameras, etc. In some instances, the
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image sensor(s) 218 can be located at various points of an autonomous vehicle, such as
the corners of a vehicle, to capture various portions of an environment. In some
instances, the image sensor(s) 218 can be associated with extrinsic characteristics
indicating a location of the particular image sensor with respect to the vehicle, height,
field of view, tilt angle, resolution, and the like. Accordingly, the three-dimensional
surface mesh component 210, discussed below, can determine a ray associated with
image data captured by the image sensor 218 and a point in the associated image data,
such as an object contact point, as discussed herein.

[0046] In some instances, the LIDAR sensor 220 can include one or more LIDAR
sensors to capture depth data of an environment. In some instances, the LIDAR
sensor 220 and/or the image sensor(s) 218 can operate in conjunction with the
localization component 208 to determine a location of an autonomous vehicle, for
example, when the architecture 200 is implemented as an autonomous vehicle. In some
instances, the LIDAR sensor 220 can include any number of LIDAR sensors located to
capture various portions of an environment. Further, the LIDAR sensor 220 can be
used to determine static and/or dynamic objects based on motion of the objects in the
environment.

[0047] In some instances, the RADAR sensor 222 can include one or more RADAR
sensors to capture depth information associated with an environment. In some
instances, the RADAR sensor 222 can operate in conjunction with the localization
component 208 to determine a location of an autonomous vehicle, for example, when
the architecture 200 is implemented as an autonomous vehicle. In some instances, the
RADAR sensor 222 can include any number of RADAR sensors located to capture
various portions of an environment. Further, the RADAR sensor 222 can be used to
determine static and/or dynamic objects based on motion of the objects in the
environment.

[0048] In some instances, the inertial measurement unit(s) (IMU) 224 can
determine motion of computer system(s) 226, especially when implemented as an
autonomous vehicle. For example, the IMU 224 can operate in conjunction with the
localization component 208 to determine a location of the autonomous vehicle.

[0049] In some instances, the sensor component 202 can include any number of
additional sensors, including but not limited to sonar sensors, ultrasonic transducers,

wheel encoders, microphones, accelerometers, gyroscopes, magnetometers,
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temperature sensors, humidity sensors, light sensors, global positioning system (GPS)
sensors, and the like.

[0050] The two-dimensional bounding box component 204 can include
functionality to receive image data captured by the image sensor(s) 218, for example,
and to perform segmentation and/or classification on the image data to identify an
object (such as a vehicle) represented in the image data, and to determine a two-
dimensional bounding box associated with the vehicle. In some instances, and as
discussed in more detail below, the two-dimensional bounding box component 204 can
be implemented as a machine learning algorithm trained to identify objects in image
data, and to determine a bounding box associated with the object. In some instances, a
two-dimensional bounding box generated by the two-dimensional bounding box
component 204 may capture a region of the image data including some or all pixels
associated with an object.

[0051] The object contact point component 206 can include functionality to receive
the image data and/or the two-dimensional bounding box associated with a
representation of an object to determine one or more object contact points represented
in the data. For example, the object contact point component 206 can receive image
data of an object, such as a vehicle including four wheels, and can determine locations
in the image data corresponding to where the four wheels contact a ground surface, for
example. Further, the object contact point component 206 can determine whether an
object contact point is occluded and can nevertheless return an object contact point. In
some instances, the object contact point component 206 can determine an uncertainty
associated with a location or accuracy for each individual object contact point.

[0052] In some instances, the object contact point component 206 can include
functionality to provide an interface to receive annotation information to generate
training data to train a machine learning algorithm. For example, such a training
interface can present a user with an image of a vehicle (e.g., determined by the two-
dimensional bounding box component) and can receive user input to label individual
object contact points, to identify a corresponding location of the object (e.g., left-front
wheel, right-front wheel, left-rear wheel, right-rear wheel, and the like), and to identify
whether the object contact point is occluded (e.g., not visible). In some instances, such
labeled training image data can be used as ground truth to train a machine learning
algorithm, such as a neural network. Accordingly, atrained machine learning algorithm

can be implemented on an autonomous vehicle for operation in an environment.
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[0053] The localization component 208 can include functionality to receive data
from the sensor component 202 to determine a position of the computer systems 226
implemented as an autonomous vehicle. For example, the localization component 208
can include a three-dimensional map of an environment and can continuously determine
a location of the autonomous vehicle within the map. In some instances, the
localization component 208 can utilize SLAM (simultaneous localization and mapping)
or CLAMS (calibration, localization and mapping, simultaneously) to receive image
data, LIDAR data, RADAR data, IMU data, GPS data, and the like to accurately
determine a location of the autonomous vehicle.

[0054] The three-dimensional surface mesh component 210 can include
functionality to determine individual rays associated with the object contact point(s)
and to unproject the individual rays onto a three-dimensional surface mesh. For
example, an individual ray can be defined as originating from an endpoint associated
with the image sensor 218, for example an image sensor origin, and extending through
individual object contact points in the image plane. In some instances, the distance
between the image sensor and the object contact points is not readily determined from
the image data, as the image data may not include depth data. Thus, in order to
determine depth information, the ray can be unprojected from the image sensor onto
the three-dimensional surface mesh to determine an intersection point between the ray
and the three-dimensional surface mesh component. Further, because the three-
dimensional surface mesh can be a pre-built data structure accurately representing the
environment in which the autonomous vehicle is operating, the intersection point of the
ray can indicate a location of the object in the environment, thereby providing depth
information to the computer system 226.

[0055] In some instances, the three-dimensional surface mesh component 210 can
project the object contact points onto the three-dimensional surface mesh and constrain
the object contact points to remain in a rectangle or other shape when manipulated to
determine an optimal location of the vehicle contact points representing the vehicle on
the three-dimensional surface mesh. In some instances, the computer system 226 can
determine a shape of the bounding box as a cost that can be optimized, for example,
giving preference to bounding boxes with a substantially rectangular shape but allowing
some minor deviation from a true rectangle (e.g. solving for corners such that sides are

parallel and have equal or similar lengths). In some instances, the computer system 226
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may ensure that the result of optimization is a rectangular prism by requiring output of
a center and extents, as described above.

[0056] As mentioned above, in some instances, individual object contact points can
be associated with an uncertainty. In some instances, the uncertainty can be projected
onto the three-dimensional surface and/or associated with the projected locations of the
individual object contact points, such as by using an unscented transform. Accordingly,
adjustments, manipulations, refinements, or updates to the positions of the projected
object contact points can be based at least in part on the uncertainty associated with the
various points as determined by the two-dimensional bounding box component 204.
For example, for an object contact point associated with a low uncertainty, the three-
dimensional surface mesh component 210 may locate an unprojected location of the
corresponding object contact point close to the initial estimate, when updating the
unprojected location to a final estimated location with respect to the three-dimensional
surface mesh. In another example, for an object contact point associated with a high
uncertainty, the three-dimensional surface mesh component 210 may locate an
unprojected location of the corresponding object contact point relatively farther from
the initial estimate, when updating the unprojected location to a final estimated location
on the three-dimensional surface mesh.

[0057] In some instances, the three-dimensional surface mesh component 210 can
unproject the rays onto a flat surface or an approximation of the environment. That is,
in some instances, the three-dimensional surface mesh component can utilize a
simplified model of a surface depending on an amount of information available, a level
of accuracy required or desired, and the like. In some instances, the three-dimensional
surface mesh component 210 can utilize depth data such as LIDAR data and/or RADAR
data to confirm a depth estimate or to verify an accuracy of the model, for example.
[0058] In some instances, the optimization component 212 can further include a ray
casting cost component 228, a mesh normal cost component 230, a reprojection cost
component 232, and a dynamics cost component 234. In general, the optimization
component 212 can iteratively, simultaneously, or continuously evaluate costs or errors
associated with unprojected locations of the object contact points to accurately
determine a location of a three-dimensional bounding box representing an object in an
environment.

[0059] In general, in some instances, the ray casting cost component 228 can

include functionality to determine, verify, evaluate, or enforce that that the locations of
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the final estimated projected locations on the three-dimensional surface mesh are close
to the initial projection of the ray representing an object contact point onto the three-
dimensional surface mesh.

[0060] In general, in some instances, the mesh normal cost component 230 can
include functionality to determine a plane associated with the final estimated
unprojected locations of the object contact points, and can determine a first normal
vector associated with that plane (e.g., by normalizing a cross-product of two vectors
connecting object contact points, taking a sampling of points in the plane, etc.). Further,
the mesh normal cost component 230 can determine a plane “underneath™ the final
estimated unprojected locations of the object contact points, and can determine a second
normal vector associated with that plane. The mesh normal cost component 230 can
evaluate the first normal vector and the second normal vector to determine that an error
associated with the normal vectors is above a threshold value, such as, for example,
evaluating a dot product of the two normal vectors. In other words, the mesh normal
cost component 230 can ensure that a pitch of the object is similar to the pitch of a local
surface normal of the three-dimensional surface mesh. Further, as used herein, the term
“final” is not intended to correspond to an absolutely final position, and is intended to
correspond to an estimate or a location based on optimization or reductions in costs or
errors, as discussed herein.

[0061] In general, in some instances, the reprojection cost component 232 can
include functionality to determine whether the final estimated unprojected locations of
the object contact points are consistent with the object contact points in the image data.
In some cases, the reprojection cost component 232 can ensure that the three-
dimensional point estimates are consistent with observed image-plane measurements.
For example, estimated contact points in the mesh can be projected back into the image
plane. In such an example, the reprojection cost may be the sum of Euclidian
differences in pixel coordinates between the originally detected contact points and the
reprojected contact points.

[0062] In general, in some instances, the dynamics cost component 234 can include
functionality to determine motion of the object based on the object contact points. In
other words, such a cost ensures that motion of the detected object is constrained to
physically consistent motion. For example, for a given estimated position at a first
time, and for a given estimated velocity at a first time, the dynamics cost

component 234 can predict a position of the object at a second time and compare that

16

PCT/US2018/056903



10

15

20

25

30

WO 2019/099153

predicted position of the object with a measured or estimated position of the object. As
discussed herein, in some instances, the optimization component 212 can include a
sliding window incorporating N-frames, so that position and velocity can be determined
and costs can be validated over a sliding window to improve accuracy and performance
of the system. In some instances, the dynamics costs component 234 can reject
estimated positions at particular times if the positions are not consistent with an
observed or estimated velocity, and in some instances, the dynamics cost
component 234 can reject estimated velocities at particular times if the velocities are
not consistent with an observed or estimated position of the object at a particular time.
[0063] The prediction component 214 can include functionality to receive three-
dimensional bounding box information associated with the object to determine a
predicted velocity and/or position of the object. In some instances, the prediction
component 214 can include functionality to access symbols and/or temporal logic to
determine reasonable options available to the object to determine a likelihood that the
object may perform one or more particular actions in the future. In some instances, the
prediction component 214 can operate in conjunction with the planner component 216,
discussed below, to generate one or more trajectories for an autonomous vehicle to
navigate an environment.

[0064] The planner component 216 can include functionality to receive one or more
three-dimensional bounding boxes associated with one or more objects and to generate
a trajectory for an autonomous vehicle. In some instances, the planner component 216
can interface with one or more controllers to control steering, propulsion, braking,
safety, emitters, communication, and other systems of the autonomous vehicle.

[0065] In some instances, aspects of some or all of the components discussed
herein may include any models, algorithms, and/or machine learning algorithms. For
example, in some instances, the two-dimensional bounding box component 204, the
object contact point component 206, the three-dimensional surface mesh
component 210, and the optimization component 212 may be implemented as a neural
network.

[0066] As described herein, an exemplary neural network is a biologically inspired
algorithm which passes input data through a series of connected layers to produce an
output. One example of a neural network may include a convolutional neural network,
or CNN. Each layer in a CNN may also comprise another CNN, or may comprise any

number of layers (whether convolutional or not). As may be understood in the context
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of this disclosure, a neural network may utilize machine learning, which may refer to a
broad class of such algorithms in which an output is generated based on learned
parameters.

[0067] Although discussed in the context of neural networks, any type of machine
learning may be used consistent with this disclosure. For example, machine leaming
algorithms may include, but are not limited to, regression algorithms (e.g., ordinary
least squares regression (OLSR), linear regression, logistic regression, stepwise
regression, multivariate adaptive regression splines (MARS), locally estimated
scatterplot smoothing (LOESS)), instance-based algorithms (e.g., ridge regression,
least absolute shrinkage and selection operator (LASSO), elastic net, least-angle
regression (LARS)), decisions tree algorithms (e.g., classification and regression tree
(CART), iterative dichotomiser 3 (ID3), Chi-squared automatic interaction detection
(CHAID), decision stump, conditional decision trees), Bayesian algorithms (e.g., naive
Bayes, Gaussian naive Bayes, multinomial naive Bayes, average one-dependence
estimators (AODE), Bayesian belief network (BNN), Bayesian networks),
clustering algorithms (e.g., k-means, k-medians, expectation maximization (EM),
hierarchical clustering), association rule learning algorithms (e.g., perceptron, back-
propagation, hopfield network, Radial Basis Function Network (RBFN)), deep learning
algorithms (e.g., Deep Boltzmann Machine (DBM), Deep Belief Networks (DBN),
Convolutional Neural Network (CNN), Stacked Auto-Encoders), Dimensionality
Reduction Algorithms (e.g., Principal Component Analysis (PCA), Principal
Component Regression (PCR), Partial Least Squares Regression (PLSR), Sammon
Mapping, Multidimensional Scaling (MDS), Projection Pursuit, Linear Discriminant
Analysis (LDA), Mixture Discriminant Analysis (MDA), Quadratic Discriminant
Analysis (QDA), Flexible Discriminant Analysis (FDA)), Ensemble Algorithms (e.g.,
Boosting, Bootstrapped Aggregation (Bagging), AdaBoost, Stacked Generalization
(blending), Gradient Boosting Machines (GBM), Gradient Boosted Regression Trees
(GBRT), Random Forest), SVM (support vector machine), supervised learning,
unsupervised learning, semi-supervised learning, etc.

[0068] Additional examples of architectures include neural networks such as
ResNet50, ResNet101, VGG, DenseNet, and the like.

[0069] FIG. 3A depicts an example 300 of a top view 302 of determining rays
associated with object contact points for unprojecting the rays onto a three-dimensional

surface mesh, in accordance with embodiments of the disclosure. In general, the top
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view 302 illustrates a plurality of object contact points 304, 306, 308, and 310
representing outputs of an algorithm such as a neural network trained to determine the
object contact points, as discussed herein. As discussed above, each of the contact
points can have an associated uncertainty (represented as an ellipse, or ellipsoid in three
dimensions, surrounding the interior marker). In some instances, a degree of
uncertainty can be represented by a size of the ellipse surrounding the object contact
point.

[0070] The top view 302 further illustrates an image sensor 312 for capturing image
data, as discussed herein. Further, the top view 302 illustrates rays 314, 316, 318,
and 320. As can be understood, the ray 314 is illustrated as originating with the image
sensor 312 as an endpoint, and passing through the object contact point 304. Further,
the ray 316 is illustrated with the image sensor 312 as an endpoint, and passing through
the object contact point 306. Next, the ray 318 is illustrated as originating with the
image sensor 312 as an endpoint, and passing through the object contact point 308. And
the ray 320 is illustrated as originating with the image sensor 312 as an endpoint, and
passing through the object contact point 310. In some instances, the rays 314, 316, 318,
and 320 may not be associated with a distance prior to being unprojected onto the three-
dimensional surface mesh, as discussed herein. That is, in some instances, the
rays 314, 216, 318 and 320 are indicative of an origin and direction.

[0071] In some instances, the rays 314, 316, 318, and 320 can be determined based
at least in part on intrinsic and/or extrinsic information associated with the image sensor
(e.g.. focal length in various dimensions, center, lens parameters, position in the
environment, height, direction, resolution, tilt, channels, etc.) and/or a location of the
object contact point within captured image data.

[0072] FIG. 3B depicts an example 322 side view 324 of determining rays
associated with object contact points for unprojecting the rays onto a three-dimensional
surface mesh 326, in accordance with embodiments of the disclosure. For example,
after determining a ray based at least in part on a location of a respective object contact
point in image data, the ray can be unprojected onto the surface mesh 326 to determine
an intersection with the surface mesh. Because a distance between the projected
locations of the object contact points 304*, 306*, 308*, and 310* can be determined
based at least in part by the known distances associated with the surface mesh 326, the
distances, length, width, orientation, velocity, and the like of an object represented by

the unprojected locations of the object contact points can be determined based at least
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in part on the object contact points and/or by the unprojected locations of the object
contact points with respect to the surface mesh 326.

[0073] FIGS. 1 and 4-8 illustrate example processes in accordance with
embodiments of the disclosure. These processes are illustrated as logical flow graphs,
each operation of which represents a sequence of operations that can be implemented
in hardware, software, or a combination thereof In the context of software, the
operations represent computer-executable instructions stored on one or more computer-
readable storage media that, when executed by one or more processors, perform the
recited operations. Generally, computer-executable instructions include routines,
programs, objects, components, data structures, and the like that perform particular
functions or implement particular abstract data types. The order in which the operations
are described is not intended to be construed as a limitation, and any number of the
described operations can be combined in any order and/or in parallel to implement the
processes.

[0074] FIG. 4 depicts an example process 400 of determining a three-dimensional
bounding box based at least in part on optimizing one or more locations of an
unprojected object location based on a plurality of cost functions, as discussed herein.
For example, some or all of the process 400 can be performed by one or more
components in the FIGS. 2 or 9, as described herein.

[0075] At operation 402, the process can include unprojecting, as unprojected
object location(s), object contact points onto a three-dimensional surface mesh. For
example, the operation 402 can include transforming object contact point(s) from a two-
dimensional reference frame into a three-dimensional reference frame. In some
instances, the operation 402 can include unprojecting an uncertainty onto the three-
dimensional surface mesh based at least in part on an unscented transform.

[0076] At operation 404, the process can include determining costs based at least
in part on the unprojected object location(s). For example, the operation 404 can
include determining a variety of costs associated with an unprojected object location in
parallel, and determining a sum of the costs estimated in parallel. Individual costs can
include aray casting cost, a mesh normal cost, a reprojection cost, and a dynamics cost.
For example, at operation 406, the process can include determining a ray casting cost.
Additional details of this operation are provided in connection with FIG. 5. At
operation 408, the process can include determining a mesh normal cost. Additional

details of this operation are provided in connection with FIG. 6. At operation 410, the
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process can include determining a reprojection cost. Additional details of this operation
are provided in connection with FIG. 7. At operation 412, the process can include
determining a dynamics cost. Additional details of this operation are provided in
connection with FIG. 8. After the costs are determined in the operations 406, 408, 410,
and 412, the costs can be calculated as the sum of all costs.

[0077] At operation 414, the process can include determining if the summed costs
is below a threshold value, if a change between iterations is below a threshold value,
and the like. Additionally, the operation 414 can determine if a number of iterations is
above a threshold value and/or if an amount of processing time is above a threshold
value (e.g., to guarantee a solution within a period of time). If the costs are not an
optimal solution (e.g., “No” in the operation 414), the process continues to
operation 416.

[0078] At operation 416, the process includes determining at least one updated
unprojected object location(s) based at least in part on an optimization algorithm, such
as, for example, a non-linear least squares optimization. In some instances, for example
in the context of determining object contact points for a vehicle including four wheels,
the object points can be adjusted with a rectangular constraint, such that the points are
adjusted while remaining in a rectangular shape with respect to the other points. In
some instances, the operation 416 is based at least in part on a gradient descent to
determine a local or global optimal solution (e.g., to minimize the summed costs). After
determining updated unprojected object location(s), the process returns to the
operation 404 to determine updated costs based on the updated unprojected object
location(s).

[0079] At operation 414, upon determining that the unprojected object location(s)
(or the updated unprojected object location(s)) are an optimal solution (e.g., “Yes” in
operation 414), the process continues to operation 418.

[0080] At operation 418, the process includes determining a three-dimensional
bounding box based at least in part on the unprojected object location(s). In some
instances, the locations of the corners of the bounding box can be based at least in part
on the unprojected object location(s) while the height can be determined based on the
image data (e.g., based on a machine leaming algorithm) or can be based on a
fixed value.

[0081] FIG. 5 depicts an example process 500 for determining a ray casting cost for

determining a vehicle orientation based on image data and vehicle contact points, as
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discussed herein. For example, some or all of the process 500 can be performed by one
or more components in the FIGS. 2 or 9, as described herein. For example, some or all
of the process 500 can be performed by the ray casting cost component 228.

[0082] At operation 502, the process can include transforming a two-dimensional
(2-D) object contact distribution into an initial three-dimensional object contact
location with respect to a surface mesh. In some examples, the operation 502 can be
based at least in part on an unscented transform. For example, in some instances, the
unscented transform can first compute a set of sigma points based at least in part on the
two-dimensional object contact distribution and/or based at least in part on the two-
dimensional bounding box. Second, each sigma point can be mapped (e.g., ray-casted)
to the three-dimensional surface mesh. Third, for the points mapped to the three-
dimensional surface mesh, the operation 502 can include determining a mean and/or
covariance of the points to determine the three-dimensional object contact location with
respect to the surface mesh.

[0083] At operation 504, the process can include determining an estimated three-
dimensional object contact location with respect to the surface mesh based at least in
part on an optimization operation. For example, a set of three-dimensional object
contact locations (e.g., representing four wheels of a vehicle) can be manipulated or
adjusted in combination to determine optimal locations to minimize a global cost
associated with the estimated locations.

[0084] At operation 506, the process can include determining an error associated
with the initial three-dimensional object contact location and the estimated three-
dimensional object contact location. In some instances, the ray casting cost component
can be performed as data is accumulated and as various estimated positions are updated
to search for a local and/or global optimum position to minimize costs and/or error
associated with the three-dimensional object contact locations (e.g., the object contact
points). As noted above, in some instances, the error (e.g., cost) can be based at least
in part on the sum of a covariance-weighted distance of each estimated three-
dimensional object contact location from the initial three-dimensional object contact
location (e.g., representing a mean of the covariance matrix of the distribution). In
some instances, cost is based at least in part on an unscented transform. In some
instances, the cost is based at least in part on a covariance weighted least-squares error

algorithm.
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[0085] FIG. 6 depicts an example process 600 for determining a mesh normal cost
for determining an object orientation based on image data and object contact points, as
discussed herein. For example, some or all of the process 600 can be performed by one
or more components in the FIGS. 2 or 9, as described herein. For example, some or all
of the process 600 can be performed by the mesh normal cost component 230.

[0086] At operation 602, the process can include determining a first normal vector
associated with an orientation of an object. For example, the operation 602 can include
determining or receiving the estimated unprojected locations of object contact points
onto a three-dimensional surface mesh. In some instances, the operation 602 can
include selecting various points within a plane associated with or defined at least in part
by the estimated unprojected locations and determining the first normal vector
associated with the plane. In some instances, the operation 602 can include performing
a principle component analysis or an eigenvalue decomposition to determine the normal
vector. In other examples, three of the four object contact points may be used to form
two vectors. A normalized cross product of the two resulting vectors may be used as
the normal vector.

[0087] At operation 604, the process can include determining a second normal
vector associated with a surface mesh associated with a location of the object. For
example, the operation 604 can include determining points under the location of the
object, and determining a plane associated with the points. In some instances,
determining point under the location of the object can include sampling points in image
space, unprojecting those points onto the mesh, and determining a second singular
vector associated with the points. Further, the operation can include determining the
second normal vector associated with the plane associated with the surface mesh. In
some instances, the operation 604 can include performing a principle component
analysis or an eigenvalue decomposition to determine the normal vector. Additionally,
or alternatively, such a surface normal vector may be determined by calculating cross
products of vectors associated with points on the mesh located proximate to, or within
a range of, the object contact points.

[0088] At operation 606, the process can include determining an error associated
with the first normal vector and the second normal vector. In some instance, the error
can be based at least in part on the difference between the first normal vector and the
second normal vector. In some examples, the error (or cost), can be determined as a

dot product between the two normal vectors. In some instances, as the orientation of
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the object is updated over time as a result of one or more optimization operations, the
process 600 can be performed to determine an updated error based on the updated
orientation and/or based on the object corresponding to an updated location on the
surface mesh.

[0089] FIG. 7 depicts an example process 700 for determining a reprojection cost
for determining an object orientation based on image data and object contact points, as
discussed herein. For example, some or all of the process 700 can be performed by one
or more components in the FIGS. 2 or 9, as described herein. For example, some or all
of the process 700 can be performed by the reprojection cost component 232.

[0090] At operation 702, the process can include determining object contact
point(s) based at least in part on image data. For example, as discussed herein, the
operation 702 can include receiving image data and inputting the image data to an
algorithm such as a neural network trained to identify such object contact point(s) (e.g.,
object contact points) and an associated uncertainty.

[0091] At operation 704, the process can include determining estimated object
contact point(s) associated with a surface mesh based at least in part on the object
contact point(s). In some instances, the estimated object contact point(s) may be located
on or above the surface mesh. For example, the operation 704 can include unprojecting,
as initial unprojected object contact point(s), the object contact point(s) onto a surface
mesh, and updating, as the estimated object contact point(s), the locations of the
unprojected object contact point(s) based on the optimization operations, as discussed
herein.

[0092] At operation 706, the process can include projecting the estimated object
contact point(s) from the mesh into the image data to determine reprojected object
contact point(s). For example, the operation 706 can include a projection operation
using the intrinsics and extrinsics of the image sensor to determine a location of the
estimated object contact point(s) in an image plane of the image data of the
operation 702.

[0093] At operation 708, the process can include determining an error (or cost)
associated with the object contact point(s) and the reprojected object contact point(s).
For example, the operation 708 can include determining a sum of Euclidian distances
between the object contact point(s) and the reprojected estimated wheel contact point(s)

as represented in the image data.
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[0094] FIG. 8 depicts an example process 800 for determining a dynamics cost for
determining an object position and/or orientation based on image data and object
contact points, as discussed herein. For example, some or all of the process 800 can be
performed by one or more components in the FIGS. 2 or 9, as described herein. For
example, some or all of the process 800 can be performed by the dynamics cost
component 234.

[0095] At operation 802, the process can include determining a first position of an
object at a first time based at least in part on first object contact point(s). For example,
the operation 802 can include capturing image data, determining the object contact
point(s) based at least in part on the image data, determining rays associated with the
object contact points, unprojecting the rays onto a three-dimensional surface, and
determining a first position of the object, as discussed herein.

[0096] At operation 804, the process can include determining a second position of
the object at a second time based at least in part on second object contact point(s). For
example, the second time can be a time after the first time, as discussed above in the
operation 802. The operation 804 can include performing similar operations as
discussed herein to determine the second position at the second time.

[0097] At operation 806, the process can include estimating a motion of the object
based at least in part on a sliding window including at least the first position and the
second position. For example, a velocity and/or acceleration of the object can be
estimated based at least in part on positions of the object in the preceding frames. For
example, a next distance can be based at least in part on a previous location extrapolated
based on an observed velocity and/or acceleration of the object and/or based on a
physical model associated with rigid bodies. In some instances, the sliding window can
ingest N frames, where N is an integer. In some instances, the sliding window can
include 10 frames. Thus, in an example where an image sensor captures image data
every 10 milliseconds, the sliding window can analyze data covering a time period of
100 milliseconds. Of course, the aforementioned sliding window is an example, and
any size sliding window and any frequency of capturing images can be used. In those
examples which use a sliding window, the costs determined by the other operations
(e.g.. any of operations 406, 408, and 410), may be the total cost, average cost, or
otherwise for each operation over all N frames.

[0098] At operation 808, the process can include determining a third position of the

object at a third time based at least in part on third object contact point(s). For example,
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the third time can be a time after the second time, as discussed above in the
operation 804. The operation 808 can include performing similar operations as
discussed herein to determine the third position at the third time.

[0099] At operation 810, the process can include determining an estimated position
of the object at the third time based at least in part on the motion. For example, the
operation 810 can include extrapolating the position of the object at the second time by
adding or updating the second position based at least in part on the motion.

[0100] At operation 812, the process can include determining an error associated
with the third position and the estimated position. For example, the error can represent
a difference in positions and/or orientations determined from the third object contact
points and the estimated position, as discussed herein.

[0101] FIG. 9 illustrates an environment 900 in which the disclosures may be
implemented in whole or in part. The environment 900 depicts one or more computer
systems 902 that comprise a storage 904, one or more processor(s) 906, a memory 908,
and an operating system 910. The storage 904, the processor(s) 906, the memory 908,
and the operating system 910 may be communicatively coupled over a communication
infrastructure 912. Optionally, the computer system 902 may interact with a user, or
environment, via input/output (I/O) device(s) 914, as well as one or more other
computing devices over a network 916, via the communication infrastructure 912. The
operating system 910 may interact with other components to control one or more
applications 918.

[0102] As can be understood in the context of this disclosure, the computer
system 902 can be implemented in an autonomous vehicle, a semi-autonomous vehicle,
or any other vehicle.

[0103] In some instances, the computer system(s) 902 may implement (at least in
part) the functions of the architecture 200, as discussed herein.

[0104] The systems and methods described herein can be implemented in software
or hardware or any combination thereof. The systems and methods described herein
can be implemented using one or more computing devices which may or may not be
physically or logically separate from each other. The methods may be performed by
components arranged as either on-premise hardware, on-premise virtual systems, or
hosted-private instances. Additionally, various aspects of the methods described herein

may be combined or merged into other functions.
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[0105] An exemplary environment and computerized system for implementing the
systems and methods described herein is illustrated in FIG. 9. A processor or computer
system can be configured to particularly perform some or all of the methods described
herein. In some embodiments, the methods can be partially or fully automated by one
or more computers or processors. The systems and methods described herein may be
implemented using a combination of any of hardware, firmware, and/or software. The
present systems and methods described herein (or any part(s) or function(s) thereof)
may be implemented using hardware, software, firmware, or a combination thereof and
may be implemented in one or more computer systems or other processing systems. In
some embodiments, the illustrated system elements could be combined into a single
hardware device or separated into multiple hardware devices. If multiple hardware
devices are used, the hardware devices could be physically located proximate to or
remotely from each other. The embodiments of the methods described and illustrated
are intended to be illustrative and not to be limiting. For example, some or all of the
steps of the methods can be combined, rearranged, and/or omitted in different
embodiments.

[01006] In one exemplary embodiment, the systems and methods described herein
may be directed toward one or more computer systems capable of carrying out the
functionality described herein. Example computing devices may be, but are not limited
to, a personal computer (PC) system running any operating system such as, but not
limited to, OS X™ i08™ Linux™, Android™, and Microsoft™ Windows™,
However, the systems and methods described herein may not be limited to these
platforms. Instead, the systems and methods described herein may be implemented on
any appropriate computer system running any appropriate operating system. Other
components of the systems and methods described herein, such as, but not limited to, a
computing device, a communications device, mobile phone, a smartphone, a telephony
device, a personal computer (PC), a handheld PC, client workstations, thin clients, thick
clients, proxy servers, network communication servers, remote access devices, client
computers, server computers, routers, web servers, data, media, audio, video, telephony
or streaming technology servers, etc., may also be implemented using a computing
device.

[0107] The system may include one or more processors. The processor(s) may be
connected to a communication infrastructure, such as but not limited to, a

communications bus, cross-over bar, or network, etc. The processes and processors
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need not be located at the same physical locations. In other words, processes can be
executed at one or more geographically distant processors, over for example, a LAN or
WAN connection. Computing devices may include a display interface that may
forward graphics, text, and other data from the communication infrastructure for display
on a display unit.

[0108] The computer system may also include, but is not limited to, a main
memory, random access memory (RAM), and a secondary memory, etc. The secondary
memory may include, for example, a hard disk drive and/or a removable storage drive,
such as a compact disc drive CD-ROM, etc. The removable storage drive may read
from and/or written to a removable storage unit. As may be appreciated, the removable
storage unit may include a computer usable storage medium having stored therein
computer software and/or data. In some embodiments, a machine-accessible medium
may refer to any storage device used for storing data accessible by a computer.
Examples of a machine-accessible medium may include, e.g., but not limited to: a
magnetic hard disk; a floppy disk; an optical disk, like a compact disc read-only
memory (CD-ROM) or a digital versatile disc (DVD); a magnetic tape; and/or a
memory chip, etc.

[0109] The processor may also include, or be operatively coupled to communicate
with, one or more data storage devices for storing data. Such data storage devices can
include, as non-limiting examples, magnetic disks (including internal hard disks and
removable disks), magneto-optical disks, optical disks, read-only memory, random
access memory, and/or flash storage. Storage devices suitable for tangibly embodying
computer program instructions and data can also include all forms of non-volatile
memory, including, for example, semiconductor memory devices, such as EPROM,
EEPROM, and flash memory devices; magnetic disks such as internal hard disks and
removable disks; magneto-optical disks; and CD-ROM and DVD-ROM discs. The
processor and the memory can be supplemented by, or incorporated in, ASICs
(application-specific integrated circuits).

[0110] The processing system can be in communication with a computerized data
storage system. The data storage system can include a non-relational or relational data
store, such as a MySQL™ or other relational database. Other physical and logical
database types could be used. The data store may be a database server, such as
Microsoft SQL Server™, Oracle™, IBM DB2™, SQLITE™, or any other database

software, relational or otherwise.
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[0111] In alternative exemplary embodiments, secondary memory may include
other similar devices for allowing computer programs or other instructions to be loaded
into a computer system. Such devices may include, for example, a removable storage
unit and an interface. Examples of such may include a program cartridge and cartridge
interface (such as, e.g., but not limited to, those found in video game devices), a
removable memory chip (such as, e.g., but not limited to, an erasable programmable
read only memory (EPROM), or programmable read only memory (PROM) and
associated socket), and other removable storage units and interfaces, which may allow
software and data to be transferred from the removable storage unit to computer system.
[0112] The computing device may also include an input device such as, but not
limited to, a voice input device, such as a microphone, touch screens, gesture
recognition devices, such as cameras, other natural user interfaces, a mouse or other
pointing device such as a digitizer, and a keyboard or other data entry device. The
computing device may also include output devices, such as but not limited to, a display,
and a display interface. The computing device may include input/output (I/O) devices
such as but not limited to a communications interface, cable and communications path,
etc. These devices may include, but are not limited to, a network interface card, and
modems. Communications interface(s) may allow software and data to be transferred
between a computer system and one or more external devices.

[0113] In one or more embodiments, the computing device may be operatively
coupled to an automotive system. Such automotive system may be either manually
operated, semi-autonomous, or fully autonomous. In such an embodiment, input and
output devices may include one or more image capture devices, controllers,
microcontrollers, and/or other processors to control automotive functions such as, but
not limited to, acceleration, braking, and steering.  Further, communication
infrastructure in such embodiments may also include a Controller Area Network (CAN)
bus.

[0114] In one or more embodiments, the computing device may be operatively
coupled to any machine vision based system. For example, such machine based vision
systems include but are not limited to manually operated, semi-autonomous, or fully
autonomous industrial or agricultural robots, household robot, inspection system,
security system, etc. That is, the embodiments described herein are not limited to one

particular context and may be applicable to any application utilizing machine vision.
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[0115] In one or more embodiments, the present embodiments can be practiced in
the environment of a computer network or networks. The network can include a private
network, or a public network (for example the Internet, as described below), or a
combination of both. The network may include hardware, software, or a combination
of both.

[0116] From a telecommunications-oriented view, the network can be described as
a set of hardware nodes interconnected by a communications facility, with one or more
processes (hardware, software, or a combination thereof) functioning at each such node.
The processes can inter-communicate and exchange information with one another via
communication pathways between them using interprocess communication pathways.
On these pathways, appropriate communications protocols are used.

[0117] An exemplary computer and/or telecommunications network environment
in accordance with the present embodiments may include nodes, which may include
hardware, software, or a combination of hardware and software. The nodes may be
interconnected via a communications network. Each node may include one or more
processes, executable by processors incorporated into the nodes. A single process may
be run by multiple processors, or multiple processes may be run by a single processor,
for example. Additionally, each of the nodes may provide an interface point between
network and the outside world, and may incorporate a collection of sub-networks.
[0118] In an exemplary embodiment, the processes may communicate with one
another through interprocess communication pathways supporting communication
through any communications protocol. The pathways may function in sequence or in
parallel, continuously or intermittently. = The pathways can use any of the
communications standards, protocols or technologies, described herein with respect to
a communications network, in addition to standard parallel instruction sets used by
many computers.

[0119] The nodes may include any entities capable of performing processing
functions. Examples of such nodes that can be used with the embodiments include
computers (such as personal computers, workstations, servers, or mainframes),
handheld wireless devices and wireline devices (such as modem cell phones with
processing capability, wireless email devices including BlackBerry™ devices), or
complex entities (such as local-area networks or wide area networks) to which are
connected a collection of processors, as described. For example, in the context of the

present disclosure, a node itself can be a wide-area network (WAN), a local-area
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network (LAN), a private network (such as a Virtual Private Network (VPN)), or
collection of networks.

[0120] Communications between the nodes may be made possible by a
communications network. A node may be connected either continuously or
intermittently with communications network. As an example, in the context of the
present disclosure, a communications network can be a digital communications
infrastructure providing adequate bandwidth and information security.

[0121] The communications network can include wireline communications
capability, wireless communications capability, or a combination of both, at any
frequencies, using any type of standard, protocol or technology. In addition, in the
present embodiments, the communications network can be a private network (for
example, a VPN) or a public network (for example, the Internet).

[0122] A non-inclusive list of exemplary wireless protocols and technologies used
by a communications network may include Bluetooth™, general packet radio service
(GPRS), cellular digital packet data (CDPD), mobile solutions platform (MSP),
multimedia messaging (MMS), wireless application protocol (WAP), code division
multiple access (CDMA), short message service (SMS), wireless markup language
(WML), handheld device markup language (HDML), binary runtime environment for
wireless (BREW), radio access network (RAN), and packet switched core networks
(PS-CN). Also included are various generation wireless technologies. An exemplary
non-inclusive list of primarily wireline protocols and technologies used by a
communications network includes asynchronous transfer mode (ATM), enhanced
interior gateway routing protocol (EIGRP), frame relay (FR), high-level data link
control (HDLC), Internet control message protocol (ICMP), interior gateway routing
protocol (IGRP), internetwork packet exchange (IPX), ISDN, point-to-point protocol
(PPP), transmission control protocol/internet protocol (TCP/IP), routing information
protocol (RIP) and user datagram protocol (UDP). As skilled persons will recognize,
any other known or anticipated wireless or wireline protocols and technologies can be
used.

[0123] Embodiments of the present disclosure may include apparatuses for
performing the operations herein. An apparatus may be specially constructed for the
desired purposes, or it may comprise a general purpose device selectively activated or

reconfigured by a program stored in the device.
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[0124] In one or more embodiments, the present embodiments are embodied in
machine-executable instructions. The instructions can be used to cause a processing
device, for example a general-purpose or special-purpose processor, which is
programmed with the instructions, to perform the steps of the present disclosure.
Alteratively, the steps of the present disclosure can be performed by specific hardware
components that contain hardwired logic for performing the steps, or by any
combination of programmed computer components and custom hardware components.
For example, the present disclosure can be provided as a computer program product, as
outlined above. In this environment, the embodiments can include a machine-readable
medium having instructions stored on it. The instructions can be used to program any
processor or processors (or other electronic devices) to perform a process or method
according to the present exemplary embodiments. In addition, the present disclosure
can also be downloaded and stored on a computer program product. Here, the program
can be transferred from a remote computer (e.g., a server) to a requesting computer
(e.g., a client) by way of data signals embodied in a carrier wave or other propagation
medium via a communication link (e.g, a modem or network connection) and
ultimately such signals may be stored on the computer systems for subsequent
execution.

[0125] The methods can be implemented in a computer program product accessible
from a computer-usable or computer-readable storage medium that provides program
code for use by or in connection with a computer or any instruction execution system.
A computer-usable or computer-readable storage medium can be any apparatus that can
contain or store the program for use by or in connection with the computer or instruction
execution system, apparatus, or device.

[0126] A data processing system suitable for storing and/or executing the
corresponding program code can include at least one processor coupled directly or
indirectly to computerized data storage devices such as memory elements. Input/output
(I/0) devices (including but not limited to keyboards, displays, pointing devices, etc.)
can be coupled to the system. Network adapters may also be coupled to the system to
enable the data processing system to become coupled to other data processing systems
or remote printers or storage devices through intervening private or public networks.
To provide for interaction with a user, the features can be implemented on a computer

with a display device, such as an LCD (liquid crystal display), or another type of
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monitor for displaying information to the user, and a keyboard and an input device,
such as a mouse or trackball by which the user can provide input to the computer.
[0127] A computer program can be a set of instructions that can be used, directly
or indirectly, in a computer. The systems and methods described herein can be
implemented using programming languages such as CUDA, OpenCL, Flash™,
JAVA™, C++, C, C#, Python, Visual Basic™, JavaScript™ PHP, XML, HTML, etc.,
or a combination of programming languages, including compiled or interpreted
languages, and can be deployed in any form, including as a stand-alone program or as
a module, component, subroutine, or other unit suitable for use in a computing
environment. The software can include, but is not limited to, firmware, resident
software, microcode, etc. Protocols such as SOAP/HTTP may be used in implementing
interfaces between programming modules. The components and functionality
described herein may be implemented on any desktop operating system executing in a
virtualized or non-virtualized environment, using any programming language suitable
for software development, including, but not limited to, different versions of Microsoft
Windows™, Apple™ Mac™, iOS™, Unix™/X-Windows™, Linux™, etc. The
system could be implemented using a web application framework, such as Ruby on
Rails.

[0128] Suitable processors for the execution of a program of instructions include,
but are not limited to, general and special purpose microprocessors, and the sole
processor or one of multiple processors or cores, of any kind of computer. A processor
may receive and store instructions and data from a computerized data storage device
such as a read-only memory, a random access memory, both, or any combination of the
data storage devices described herein. A processor may include any processing
circuitry or control circuitry operative to control the operations and performance of an
electronic device.

[0129] The systems, modules, and methods described herein can be implemented
using any combination of software or hardware elements. The systems, modules, and
methods described herein can be implemented using one or more virtual machines
operating alone or in combination with one other. Any applicable virtualization
solution can be used for encapsulating a physical computing machine platform into a
virtual machine that is executed under the control of virtualization software running on
a hardware computing platform or host. The virtual machine can have both virtual

system hardware and guest operating system software.
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[0130] The systems and methods described herein can be implemented in a
computer system that includes a back-end component, such as a data server, or that
includes a middleware component, such as an application server or an Internet server,
or that includes a front-end component, such as a client computer having a graphical
user interface or an Internet browser, or any combination of them. The components of
the system can be connected by any form or medium of digital data communication
such as a communication network. Examples of communication networks include, e.g.,
a LAN, a WAN, and the computers and networks that form the Internet.

[0131] One or more embodiments of the present disclosure may be practiced with
other computer system configurations, including hand-held devices, microprocessor
systems, microprocessor-based or  programmable consumer electronics,
minicomputers, mainframe computers, etc. The systems and methods described herein
may also be practiced in distributed computing environments where tasks are performed
by remote processing devices that are linked through a network.

[0132] The terms “computer program medium” and “computer readable medium”
may be used to generally refer to media such as but not limited to removable storage
drive, a hard disk installed in hard disk drive. These computer program products may
provide software to computer system. The systems and methods described herein may
be directed to such computer program products.

133

[0133] References to “one embodiment,” “an embodiment,” “example

2% ¢

embodiment,” “various embodiments,” etc., may indicate that the embodiment(s) of the
present disclosure may include a particular feature, structure, or characteristic, but not
every embodiment necessarily includes the particular feature, structure, or
characteristic. Further, repeated use of the phrase “in one embodiment,” or “in an
exemplary embodiment,” do not necessarily refer to the same embodiment, although
they may. Similarly, references to “instances™ may indicate that various instance(s) of
the present disclosure may include a particular feature, structure, or characteristic, but
not every instance necessarily includes the particular feature, structure, or
characteristic. Further, repeated use of the phrase “in some instances” does not
necessarily refer to the same instance, although it may.

[0134] In the description and claims, the terms “coupled” and “connected,” along
with their derivatives, may be used. It should be understood that these terms may be
not intended as synonyms for each other. Rather, in particular embodiments,

“connected” may be used to indicate that two or more elements are in direct physical
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or electrical contact with each other. “Coupled” may mean that two or more elements
are in direct physical or electrical contact. However, “coupled” may also mean that two
or more elements are not in direct contact with each other, but yet still co-operate or
interact with each other.

[0135] An algorithm may be here, and generally, considered to be a self-consistent
sequence of acts or operations leading to a desired result. These include physical
manipulations of physical quantities. Usually, though not necessarily, these quantities
take the form of electrical or magnetic signals capable of being stored, transferred,
combined, compared, and otherwise manipulated. It has proven convenient at times,
principally for reasons of common usage, to refer to these signals as bits, values,
elements, symbols, characters, terms, numbers or the like. It should be understood,
however, that all of these and similar terms are to be associated with the appropriate
physical quantities and are merely convenient labels applied to these quantities.

[0136] Unless specifically stated otherwise, it may be appreciated that throughout
the specification terms such as “processing,” “‘computing,” “calculating,”
“determining,” or the like, refer to the action and/or processes of a computer or
computing system, or similar electronic computing device, that manipulate and/or
transform data represented as physical, such as electronic, quantities within the
computing system’s registers and/or memories into other data similarly represented as
physical quantities within the computing system's memories, registers or other such
information storage, transmission or display devices.

[0137] In a similar manner, the term “processor” may refer to any device or portion
of a device that processes electronic data from registers and/or memory to transform
that electronic data into other electronic data that may be stored in registers and/or
memory. As non-limiting examples, “processor” may be a Central Processing Unit
(CPU) or a Graphics Processing Unit (GPU). A “computing platform™ may comprise
one or more processors. As used herein, “software” processes may include, for
example, software and/or hardware entities that perform work over time, such as tasks,
threads, and intelligent agents. Also, each process may refer to multiple processes, for
carrying out instructions in sequence or in parallel, continuously or intermittently. The
terms “system” and “method” are used herein interchangeably insofar as the system

may embody one or more methods and the methods may be considered as a system.
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[0138] While one or more embodiments have been described, various alterations,
additions, permutations and equivalents thereof are included within the scope of the
disclosure.

[0139] In the description of embodiments, reference is made to the accompanying
drawings that form a part hereof, which show by way of illustration specific
embodiments of the claimed subject matter. It is to be understood that other
embodiments may be used and that changes or alterations, such as structural changes,
may be made. Such embodiments, changes or alterations are not necessarily departures
from the scope with respect to the intended claimed subject matter. While the steps
herein may be presented in a certain order, in some implementations the ordering may
be changed so that certain inputs are provided at different times or in a different order
without changing the function of the systems and methods described. The disclosed
procedures could also be executed in different orders. Additionally, various
computations that are herein need not be performed in the order disclosed, and other
embodiments using alternative orderings of the computations could be readily
implemented. In addition to being reordered, the computations could also be
decomposed into sub-computations with the same results.

[0140] Although the discussion above sets forth example implementations of the
described techniques, other architectures may be used to implement the described
functionality, and are intended to be within the scope of this disclosure. Furthermore,
although specific distributions of responsibilities are defined above for purposes of
discussion, the various functions and responsibilities might be distributed and divided
in different ways, depending on circumstances.

[0141] Furthermore, although the subject matter has been described in language
specific to structural features and/or methodological acts, it is to be understood that the
subject matter defined in the appended claims is not necessarily limited to the specific
features or acts described. Rather, the specific features and acts are disclosed as

exemplary forms of implementing the claims.

EXAMPLE CLAUSES

[0142] A. A system comprises: one or more processors; and one or more
computer-readable media storing instructions executable by the one or more processors,
wherein the instructions program the one or more processors to: receive image data

captured by at least one image sensor, the image data including a representation of an
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object; determine a plurality of object contact points associated with the object, an
object contact point of the plurality of object contact points representing a point of
contact between a portion of the object and a ground surface; determine an intersection
of a ray associated with the object contact point with a three-dimensional surface mesh
to determine an estimated location of the object contact point with respect to the three-
dimensional surface mesh; determine a three-dimensional bounding box associated
with the object based at least in part on the intersection; and generate a trajectory for a
vehicle to follow based at least in part on the three-dimensional bounding box
associated with the object.

[0143] B. The system as paragraph A recites, wherein the instructions, when
executed by the one or more processors, further program the one or more processors to:
determine a two-dimensional bounding box associated with the object represented in
the image data; and determine the plurality of object contact points based at least in part
on the two-dimensional bounding box associated with the object.

[0144] C. The system as paragraph A or B recites, wherein the instructions, when
executed by the one or more processors, further program the one or more processors to:
determine the ray having an origin associated with the at least one image sensor and
passing in a direction of the object contact point.

[0145] D. The system as any one of paragraphs A-C recite, wherein the
instructions, when executed by the one or more processors, further program the one or
more processors to: determine a first uncertainty associated with the object contact
point associated with the image data; and determine a second uncertainty associated
with the estimated location of the object contact point with respect to the three-
dimensional surface mesh based at least in part on the first uncertainty.

[01406] E. The system as any one of paragraphs A-D recite, wherein the
instructions, when executed by the one or more processors, further program the one or
more processors to: determine a first normal vector associated with the three-
dimensional bounding box associated with the object; determine a second normal
vector associated with a location on the three-dimensional surface mesh associated with
the object; and determine an error based at least in part on a difference between the first
normal vector and the second normal vector.

[0147] F. The system as any one of paragraphs A-E recite, wherein the three-
dimensional bounding box associated with the object is a first three-dimensional

bounding box at a first time; and wherein the instructions, when executed by the one or

37

PCT/US2018/056903



10

15

20

25

30

WO 2019/099153

more processors, further program the one or more processors to: determine one or more
additional three-dimensional bounding boxes associated with the object at one or more
additional times; and determine a velocity associated with the object based at least in
part on the first three-dimensional bounding box and the one or more additional three-
dimensional bounding boxes.

[0148] G. The system as paragraph F recites, wherein the instructions, when
executed by the one or more processors, further program the one or more processors to:
determine the velocity based at least in part on a physics-based model.

[0149] H. The system as any one of paragraphs A-G recite, wherein the
instructions, when executed by the one or more processors, further program the one or
more processors to: determine the plurality of object contact points associated with the
object based at least in part on a machine learning model configured to detect object
contact points represented in image data.

[0150] I. A method comprises: receiving image data representing at least one
object; determining one or more object contact points associated with the at least one
object and a surface represented in the image data; unprojecting, as one or more rays,
the one or more object contact points to determine one or more intersection points with
a three-dimensional surface; and determining a bounding box representing the object
based at least in part on the one or more intersection points.

[0151] J. The method as paragraph I recites, further comprising: determining a
first uncertainty associated with an object contact point of the one or more object
contact points; determining a second uncertainty associated with an intersection point
of the one or more intersection points corresponding to the object contact point, wherein
the second uncertainty is based at least in part on the first uncertainty; and determining
the bounding box based at least in part on the second uncertainty.

[0152] K. The method as paragraph J recites, further comprising: determining the
second uncertainty based at least in part on an unscented transform.

[0153] L. The method as paragraph J recites, further comprising: determining the
bounding box based at least in part on at least one cost function evaluated over a sliding
data window.

[0154] M. The method any one of paragraphs I-L recite, wherein the bounding box
associated with the object is a first bounding box that represents the object at a first
time; and wherein the method further comprises: determining a second bounding box

that represents the at least one object at a second time; and determining a velocity
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associated with the at least one object based at least in part on the first bounding box
and the second bounding box evaluated over a sliding data window.

[0155] N. The method any one of paragraphs I-M recite, further comprising:
determining the one or more object contact points associated with the at least one object
based at least in part on a machine learning model configured to detect object contact
points represented in image data, wherein an individual contact point of the one or more
object contact points is associated with an uncertainty.

[0156] O. The method any one of paragraphs I-N recite, wherein the at least one
object is a vehicle, the method further comprising: determining an identity of an object
contact point of the one or more object contact points with respect to a direction of
travel of the vehicle; determining whether the object contact point is occluded; and
determining an uncertainty associated with a location of the object contact point.
[0157] P. The method any one of paragraphs I-O recite, further comprising:
receiving the image data from at least one image sensor of an autonomous vehicle;
determining a location of the autonomous vehicle with respect to the three-dimensional
surface; and unprojecting the one or more object contact points onto the three-
dimensional surface based at least in part on the location of the autonomous vehicle.
[0158] Q. A non-transitory computer-readable medium stores instructions that,
when executed, cause one or more processors to perform operations comprising:
receiving image data representing at least one object; determining a plurality of object
contact points of an object and a surface in the image data; unprojecting, as a plurality
of unprojected points, the plurality of object contact points into a reference frame
associated with a three-dimensional surface; determining a cost based on one or more
of the plurality of object contact points or the plurality of unprojected points;
determining a three-dimensional bounding box representing the object based at least in
part on an optimization of the cost; and generating a command to control an
autonomous vehicle based at least in part on the three-dimensional bounding box.
[0159] R. The non-transitory computer-readable medium as paragraph Q recites,
the operations further comprising: receiving the image data from at least one image
sensor; extracting, from an object detector, a region of the image data associated with
the object; passing the region of the image data into a machine learning model
configured to determine contact points; receiving, from the machine learning model,
the plurality of object contact points, an object contact point of the plurality of object

contact points indicating a location in the image data where the object touches the three-
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dimensional surface; determining, for the object contact point of the plurality of object
contact points, a ray having an origin associated with the at least one image sensor and
associated with the object contact point; and unprojecting the ray into the reference
frame associated with the three-dimensional surface to determine an intersection point
between the ray and the three-dimensional surface.

[0160] S. The non-transitory computer-readable medium as paragraph R recites,
wherein the three-dimensional bounding box associated with the object is a first three-
dimensional bounding box that represents the object at a first time, the operations
further comprising: determining a second three-dimensional bounding box that
represents the object at a second time; and determining a velocity associated with the
object based at least in part on the first three-dimensional bounding box and the second
three-dimensional bounding box evaluated over a sliding data window.

[0161] T. The non-transitory computer-readable medium as any one of paragraphs
Q-S recite, wherein the object is a vehicle, and further wherein the cost comprises a
sum of: a ray casting cost based at least in part on an unscented transform; a reprojection
cost based at least in part a distance between a projected point and an object contact
point of the plurality of object contact points; a surface normal cost based at least in
part on a difference in orientations of a first plane associated with the vehicle and a
second plane associated with the three-dimensional surface; and a dynamics cost based
at least in part on evaluating a motion of the vehicle over time.

[0162] While the example clauses described above are described with respect to
one particular implementation, it should be understood that, in the context of this
document, the content of the example clauses can also be implemented via a method,

device, system, and/or computer-readable medium.
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CLAIMS

What is claimed is:

1. A system comprising;
one or more processors; and
one or more computer-readable media storing instructions executable by the one
or more processors, wherein the instructions program the one or more processors to:
receive image data captured by at least one image sensor, the image data
including a representation of an object;
determine a plurality of object contact points associated with the object,
an object contact point of the plurality of object contact points representing a
point of contact between a portion of the object and a ground surface;
determine an intersection of a ray associated with the object contact
point with a three-dimensional surface mesh to determine an estimated location
of the object contact point with respect to the three-dimensional surface mesh;
determine a three-dimensional bounding box associated with the object
based at least in part on the intersection; and
generate a trajectory for a vehicle to follow based at least in part on the

three-dimensional bounding box associated with the object.

2. The system of claim 1, wherein the instructions, when executed by the one or
more processors, further program the one or more processors to:

determine a two-dimensional bounding box associated with the object
represented in the image data; and

determine the plurality of object contact points based at least in part on the two-

dimensional bounding box associated with the object.

3. The system of any one of claims 1 or 2, wherein the instructions, when executed
by the one or more processors, further program the one or more processors to:
determine the ray having an origin associated with the at least one image sensor

and passing in a direction of the object contact point.
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4. The system of any one of claims 1 to 3, wherein the instructions, when executed
by the one or more processors, further program the one or more processors to:
determine a first uncertainty associated with the object contact point associated
with the image data; and
determine a second uncertainty associated with the estimated location of the
object contact point with respect to the three-dimensional surface mesh based at least

in part on the first uncertainty.

5. The system of any one of claims 1 to 4, wherein the instructions, when executed
by the one or more processors, further program the one or more processors to:

determine a first normal vector associated with the three-dimensional bounding
box associated with the object;

determine a second normal vector associated with a location on the three-
dimensional surface mesh associated with the object; and

determine an error based at least in part on a difference between the first normal

vector and the second normal vector.

6. The system of any one of claims 1 to 5, wherein the three-dimensional bounding
box associated with the object is a first three-dimensional bounding box at a first time;
and
wherein the instructions, when executed by the one or more processors, further
program the one or more processors 1to:
determine one or more additional three-dimensional bounding boxes
associated with the object at one or more additional times; and
determine a velocity associated with the object based at least in part on
the first three-dimensional bounding box and the one or more additional three-

dimensional bounding boxes.

7. The system of any one of claims 1 to 6, wherein the instructions, when executed

by the one or more processors, further program the one or more processors to:
determine the plurality of object contact points associated with the object based

at least in part on a machine learing model configured to detect object contact points

represented in image data.
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8. A method comprising;

receiving image data representing at least one object;

determining one or more object contact points associated with the at least one
object and a surface represented in the image data;

unprojecting, as one or more rays, the one or more object contact points to
determine one or more intersection points with a three-dimensional surface;

determining a bounding box representing the object based at least in part on the
one or more intersection points; and

generating a trajectory for a vehicle to follow based at least in part on the

bounding box representing the object.

9. The method of claim 8, further comprising:

determining a first uncertainty associated with an object contact point of the one
or more object contact points;

determining a second uncertainty associated with an intersection point of the
one or more intersection points corresponding to the object contact point, wherein the
second uncertainty is based at least in part on the first uncertainty; and

determining the bounding box based at least in part on the second uncertainty.

10.  The method of any one of claims 8 or 9, wherein the bounding box associated
with the object is a first bounding box that represents the object at a first time; and
wherein the method further comprises:
determining a second bounding box that represents the at least one
object at a second time; and
determining a velocity associated with the at least one object based at
least in part on the first bounding box and the second bounding box evaluated

over a sliding data window.

11. The method of any one of claims 8 to 10, further comprising:

determining the one or more object contact points associated with the at least
one object based at least in part on a machine learning model configured to detect object
contact points represented in image data, wherein an individual contact point of the one

or more object contact points is associated with an uncertainty.
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12.  The method of any one of claims 8 to 11, wherein the at least one object is a
vehicle, the method further comprising:

determining an identity of an object contact point of the one or more object
contact points with respect to a direction of travel of the vehicle;

determining whether the object contact point is occluded; and

determining an uncertainty associated with alocation of the object contact point.

13. The method of any one of claims 8 to 12, further comprising:

receiving the image data from at least one image sensor of an autonomous
vehicle;

determining a location of the autonomous vehicle with respect to the three-
dimensional surface; and

unprojecting the one or more object contact points onto the three-dimensional

surface based at least in part on the location of the autonomous vehicle.

14. The method of any one of claims 8 to 13, further comprising:
determining a cost based on one or more of the one or more object contact points
or the one or more rays; and
determining the bounding box further based at least in part on the cost;
wherein the cost comprises a sum of:

a ray casting cost based at least in part on an unscented transform;

a reprojection cost based at least in part a distance between a projected
point and an object contact point of the plurality of object contact points;

a surface normal cost based at least in part on a difference in orientations
of a first plane associated with the vehicle and a second plane associated with
the three-dimensional surface; and

a dynamics cost based at least in part on evaluating a motion of the

vehicle over time.
15. A non-transitory computer-readable medium storing instructions that, when

executed, cause one or more processors to implement the method as claimed in any one

of claim 8 to 14.

44

PCT/US2018/056903



WO 2019/099153

100
w

RECEIVE IMAGE DATA
INCLUDING A REPRESENTATION
OF AN OBJECT (E.G., A VEHICLE)
102

DETERMINE OBJECT CONTACT
POINT(s)
112

A 4
DETERMINE A DISTANCE
BETWEEN AN IMAGE CAPTURE
DEVICE AND THE OBJECT BASED
AT LEAST IN PART ON THE
OBJECT CONTACT POINT(S)

r

126

4 T )
DETERMINE A 3-D BOUNDING
Box AND INFORMATION (E.G.,
PosiTion, VELOCITY, WIDTH,

LENGTH, ETC.) ASSOCIATED WITH
THE OBJECT BASED AT LEAST IN
PART ON THE OBIECT CONTACT
POINTS(S) AND THE DISTANCE

\. 134 J

1/9
IMAGE DATA

PCT/US2018/056903

104 <

108

f
IMAGE DATA

106\

2-D
VEHICLE =—~{ o BOUNDING
108 " " Box
114 < 116
RIGHT LEFT
REAR FRONT
118
L 124
f
RIGHT REAR  LEFT REAR
[ P~==
128 < ?
IMAGE
SENSOR
130 RIGHT FRONT /| te1 FRONT
L 122 124
é - 3-D
VEHICLE s\ A BOUNDING
108 | o __*T Box
136 < 138
.




WO 2019/099153

200
N

2/9

PCT/US2018/056903

4 ™
( SENSOR COMPONENT 202 )
Imace Sensor | | LIDAR Sensor | [ RADAR sensor MEEZR;;’:ALENT

218 220 222 UNIT (IMU) 224
\. J
TwO-DIMENSIONAL THREE-
OBJECT CONTACT LOCALIZATION
BOUNDING Box DIMENSIONAL
PoINT COMPONENT COMPONENT
COMPONENT 506 208 SURFACE MESH
204 — = COMPONENT 210
\_ J
N
( OPTIMIZATION COMPONENT A
212 PREDICTION COMPONENT
( RAY CAsTING COST ) MESH NORMAL COST 214
COMPONENT COMPONENT )
228
\
4 ™
REPROJECTION COST DYNAMICS COST PLANNER COMPONENT
COMPONENT COMPONENT 216
232 T
. Y,
\— _/
-~ — -~ _ — -
— -~ - _ - -

COMPUTER SYSTEM(S) 226

FIG. 2



WO 2019/099153 PCT/US2018/056903

3/9

300
N

IMAGE
SENSOR
312

322
\

m‘.ss
S

\ IMAGE
SENSOR

312

SURFACE MESH
326

FIG. 3B



WO 2019/099153 PCT/US2018/056903

4/9

400
w

UNPROJECT, AS UNPROJECTED OBJECT LOCATION(S), OBIECT CONTACT
POINT(S) ONTO A THREE-DIMENSIONAL SURFACE MESH

402
\ 4
4 ™
DETERMINE COSTS BASED AT LEAST IN PART ON
THE UNPROJECTED OBJECT LOCATION(S)
404
DETERMINE DETERMINE DETERMINE DETERMINE
RAY CASTING MESH REPROJECTION DYNAMICS
CosT NoORMAL CosT Cost Cost
406 408 410 412
\_ J

DETERMINE UPDATED
UNPROJECTED OBIECT LOCATION(S)
BASED AT LEAST IN PART ON AN
OPTIMIZATION ALGORITHM
416

OPTIMAL SOLUTION?
414

DETERMINE A THREE-DIMENSIONAL BOUNDING BOX BASED AT LEAST IN
PART ON THE UNPROJECTED OBIJECT LOCATION(S)
418

FIG. 4



WO 2019/099153 PCT/US2018/056903

5/9

500
w

RAY CASTING CoST

COMPONENT
228
A
4 h}
(T T T T T T e T T T -

TRANSFORM A TWO-DIMENSIONAL OBJECT CONTACT DISTRIBUTION INTO
AN INITIAL THREE-DIMENSIONAL OBJECT CONTACT LOCATION ON A SURFACE
MESH (E.G., BASED ON AN UNSCENTED TRANSFORM)

502

A\ 4

DETERMINE AN ESTIMATED THREE-DIMENSIONAL OBJECT CONTACT
LOCATION ON THE SURFACE MESH BASED AT LEAST IN PART ON AN
OPTIMIZATION OPERATION
504

A 4

DETERMINE AN ERROR ASSOCIATED WITH THE INITIAL THREE-DIMENSIONAL
OBIECT CONTACT LOCATION AND THE ESTIMATED THREE-DIMENSIONAL
OBIECT CONTACT LOCATION
506




WO 2019/099153 PCT/US2018/056903

6/9

600
w

MESH NORMAL CoST
COMPONENT

DETERMINE A FIRST NORMAL VECTOR ASSOCIATED WITH AN ORIENTATION
OF AN OBJECT
602

Y

DETERMINE A SECOND NORMAL VECTOR ASSOCIATED WITH A SURFACE
MESH ASSOCIATED WITH A LOCATION OF THE OBJECT
604

Y

DETERMINE AN ERROR ASSOCIATED WITH THE FIRST NORMAL VECTOR AND
THE SECOND NORMAL VECTOR
606

— —— — — — —— — — — — — —— — — — — —y



WO 2019/099153 PCT/US2018/056903

7/9

700
w

REPROJECTION COST

COMPONENT
232
A
(4 A
_________________________ ~
4 10

DATA

DETERMINE OBJECT CONTACT POINT(S) BASED AT LEAST IN PART ON IMAGE
702

Y

URFACE MESH BASED AT LEAST IN PART ON THE OBJECT CONTACT POINT(S)

DETERMINE ESTIMATED OBJECT CONTACT POINT(S) ASSOCIATED WITH A
S
704

TO DETERMINE REPROJECTED OBJECT CONTACT POINT(S)
708

A 4

DETERMINE AN ERROR ASSOCIATED WITH THE OBJECT CONTACT POINT(S)
AND THE REPROJECTED OBIECT CONTACT POINT(S)
708

EROJECT THE ESTIMATED OBJECT CONTACT POINT(S) INTO THE IMAGE DATA}

SRR

P — —— —— — — — — — — — — — — — — — — — — — — — — —



WO 2019/099153 PCT/US2018/056903

8/9

800
w

DynAMICS CosT

COMPONENT
234
A
(4 \
———— e e -
412 D
4 '

DETERMINE A FIRST POSITICN OF AN OBJECT AT A FIRST TIME BASED AT
LEAST IN PART ON FIRST OBJECT CONTACT POINT(S)
802

A 4
( )

DETERMINE A SECOND POSITION OF THE OBJECT AT A SECOND TIME BASED
AT LEAST IN PART ON SECOND OBJECT CONTACT POINT(S)
804

Y

ESTIMATE A MOTION OF THE OBJECT BASED AT LEAST IN PART ON A SLIDING
WINDOW INCLUDING AT LEAST THE FIRST POSITION AND THE SECOND

PosiTion
806

Y

LEAST IN PART ON THIRD OBJECT CONTACT POINT(S)

DETERMINE A THIRD POSITION OF THE OBJECT AT A THIRD TIME BASED AT
808

\ 4
( 3\

DETERMINE AN ESTIMATED POSITION OF THE OBJECT AT THE THIRD TIME
BASED AT LEAST IN PART ON THE MOTION
810

A 4
4 )

DETERMINE AN ERROR ASSOCIATED WITH THE THIRD POSITION AND THE
ESTIMATED POSITION
812




WO 2019/099153 PCT/US2018/056903

9/9
900 \
NETWORK(S)
916
4 )
STORAGE PROCESSOR(S)
904 906
INPUT/OCUTPUT I I
il . il )

DEVICE(S) J‘ > 'y k
214 912

. ~
MEMORY 908
OPERATING APPLICATION(S)
SYSTEM 918
910 o
X Y
L J
< /
\ /
\ /
\ /
\ /
\ /
\ /
\ /
\ /




INTERNATIONAL SEARCH REPORT

International application No.

PCT/US 2018/056903

A. CLASSIFICATION OF SUBJECT MATTER

GOGT 15/20 (2011.01)

GOGT 17/00 (2011.01)

B6OW 30/09 (2012.01)
B60OW 30/095 (2012.01)

According to International Patent Classification (IPC) or to both national classification and IPC

B. FIELDS SEARCHED

Minimum documentation searched (classification system followed by classification symbols)

GO6T B6OW GO6K

Documentation searched other than minimum documentation to the extent that such documents are included in the fields searched

Electronic data base consulted during the international search (name of data base and, where practicable, search terms used)

PatSearch (RUPTO internal), USPTO, PAJ, K-PION, Esp@cenet, Information Retrieval System of FIPS

C. DOCUMENTS CONSIDERED TO BE RELEVANT

Category* Citation of docurment, with indication, where appropriate, of the relevant passages Relevant to claim No.

A US 2017/0297568 Al (ZOOX, INC.) 19.10.2017 1-15

A MOUSAVIAN Arsalan et al. 3D Bounding Box Estimation Using Deep Learning 1-15
and Geometry. ArXiv:1612.00496v2 [cs.CV], 2017-04-10

A CHEN Xiaozhi et al. Multi-View 3D Object Detection Network for Autonomous 1-15
Driving. ArXiv:1611.07759v3 [cs.CV], 2017-06-22

A US 5974169 A (IVAN A.BACHELDER) 26.10.1999 1-15

A CN 1432969 A (SAMSUNG ELECTRONICS CO.LTD) 30.07.2003 1-15

A PAVLAKQOS Georgios et al 6-DoF Object Pose from Semantic 1-15
Keypoints. ArXiv:1703.04670v1 [cs.CV] 2017-03-14

|:| Further documents are listed in the continuation of Box C.

|:| See patent family annex.

* Special categories of cited documents:

“A”  document defining the general state of the art which is not considered
to be of particular relevance

“E”  earlier document but published on or after the international filing date

“L”  document which may throw doubts on priority claim(s) or which is

cited to establish the publication date of another citation or other
special reason (as specified)

“0”  document referring to an oral disclosure, use, exhibition or other
means

“P”  document published prior to the international filing date but later than

the priority date claimed

“1” later document published after the international filing date or priority
date and not in conflict with the application but cited to understand
the principle or theory underlying the invention

“X”  document of particular relevance; the claimed invention cannot be

considered novel or cannot be considered to involve an inventive
step when the document is taken alone

“Y” document of particular relevance; the claimed invention cannot be
considered to involve an inventive step when the document is
combined with one or more other such documents, such combination
being obvious to a person skilled in the art

“&”  document member of the same patent family

Date of the actual completion of the international search

05 February 2019 (05.02.2019)

Date of mailing of the international search report

07 February 2019 (07.02.2019)

Name and mailing address of the ISA/RU:

Federal Institute of Industrial Property,
Berezhkovskaya nab., 30-1, Moscow, G-59,

GSP-3, Russia, 125993

Facsimile No: (8-495) 531-63-18, (8-499) 243-33-37

Authorized officer
N. Lavrentieva

Telephone No. (495) 531-65-15

Form PCT/ISA/210 (second sheet) (January 2015)




	Page 1 - front-page
	Page 2 - front-page
	Page 3 - description
	Page 4 - description
	Page 5 - description
	Page 6 - description
	Page 7 - description
	Page 8 - description
	Page 9 - description
	Page 10 - description
	Page 11 - description
	Page 12 - description
	Page 13 - description
	Page 14 - description
	Page 15 - description
	Page 16 - description
	Page 17 - description
	Page 18 - description
	Page 19 - description
	Page 20 - description
	Page 21 - description
	Page 22 - description
	Page 23 - description
	Page 24 - description
	Page 25 - description
	Page 26 - description
	Page 27 - description
	Page 28 - description
	Page 29 - description
	Page 30 - description
	Page 31 - description
	Page 32 - description
	Page 33 - description
	Page 34 - description
	Page 35 - description
	Page 36 - description
	Page 37 - description
	Page 38 - description
	Page 39 - description
	Page 40 - description
	Page 41 - description
	Page 42 - description
	Page 43 - claims
	Page 44 - claims
	Page 45 - claims
	Page 46 - claims
	Page 47 - drawings
	Page 48 - drawings
	Page 49 - drawings
	Page 50 - drawings
	Page 51 - drawings
	Page 52 - drawings
	Page 53 - drawings
	Page 54 - drawings
	Page 55 - drawings
	Page 56 - wo-search-report

