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ADAPTIVE DEPTH COMPLETION

CROSS-REFERENCE TO RELATED
APPLICATION

[0001] This application claims the benefit of U.S. Provi-
sional Patent Application No. 63/523,939, filed Jun. 29,
2023, which 1s incorporated by reference herein in 1ts
entirety.

TECHNICAL FIELD

[0002] The subject matter described herein relates 1n gen-
eral to systems and methods for improving depth data and,
more particularly, to using a machine learning model to
perform depth completion according to variable depth
inputs.

BACKGROUND

[0003] Various devices that provide information about a
surrounding environment often use sensors that facilitate
percerving obstacles and additional aspects of the surround-
ing environment. As one example, a device uses information
from the sensors to develop awareness of the surrounding
environment 1 order to identity and avoid hazards when
navigating the environment. In particular, the device uses the
perceived information to determine a 3-D structure of the
environment so that the device may distinguish between
navigable regions and potential hazards. The ability to
perceive distances using sensor data provides the device
(e.g., an autonomous vehicle) with the ability to plan move-
ments through the environment and generally improve situ-
ational awareness about the environment.

[0004] In one approach, the device may employ cameras
to perceive the surrounding environment. While this
approach can avoid the use of more expensive sensors (e.g.,
L1DAR), the captured images do not explicitly include depth
information. Instead, the device can implement processing
routines that derive depth information from the monocular
images. Using monocular images alone to derive depth
information can encounter dithiculties, such as depth 1nac-
curacies and various types of aberrations. Similarly, using
[L1IDAR data alone to provide depth information also pres-
ents dithiculties, such as high computational loads from the
amount of data, 1ssues with depth completion when the data
1s sparse, added costs, etc. Consequently, difliculties persist
with accurately perceiving depth information about a sur-
rounding environment.

SUMMARY

[0005] In one embodiment, example systems and methods
associated with improving depth data through the use of a
machine learning model that integrates available depth data
are disclosed. As previously noted, the determination of
depth within an environment can present various difliculties.
As one approach, a system can implement an explicit depth
sensor, such as a LiIDAR. However, such sensors generally
still do not provide complete depth information for the
surrounding environment and can also represent a significant
cost. That 1s, LiIDAR sensors generate depth data in scan
lines and at points along the lines. A resulting point cloud of
depth data leaves a significant amount of space that 1s not
sensed even with higher fidelity sensors. Alternative
approaches mnvolve the use of a monocular camera to
capture monocular images that do not include explicit depth
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data, but instead rely on a trained neural network to infer
depth data from the 1mages. While this depth data 1s dense
and generally complete 1n that depth values correspond with
cach pixel, the depth data can sufler from 1ssues, such as
scale ambiguity.

[0006] Therefore, 1n one embodiment, a disclosed
approach 1nvolves using a monocular depth estimation
model that processes monocular images to derive depth data
but that also integrates explicit depth data when available.
For example, 1n one approach, an inventive system imple-
ments a novel depth model having an encoder-decoder
architecture. In general, the encoder i1s a convolutional
neural network or similar network for encoding features of
monocular images. The encoder may accept an 1image as the
input or an 1mage fused with depth data. In either case, the
encoder generates a feature map that 1s an encoded abstrac-
tion of the original mput. The encoder feeds the feature map
to the decoder. The decoder 1s comprised of, for example,
deconvolutional layers. In addition to the deconvolutional
layers, in at least one arrangement, the system includes
modules connected with each layer of the decoder. The
modules function to integrate the explicit depth data into
determinations of the resulting depth map at the separate
layers.

[0007] For example the modules perform afhinity-based
shift corrections using the depth data. The athnity-based
shift correction operates to iteratively align depth predic-
tions to the provided depth data according to predicted
allinities between 1 Image pixels and depth points of the depth
data. In general, the athnity-based shift correction uses depth
errors of semantically similar regions to align the depth
predictions with the mput depth data. Subsequently, the
system can also process the derived determinations of depth
using a correction confidence module. The correction con-
fidence module provides for selectively using the depth
values associated with areas in the image according to a
reliability of the correlation. In this way, the system provides
an optimized depth map that integrates the explicit depth
data with predictions from the monocular 1mage, thereby
improving the accuracy of the depth map.

[0008] In one embodiment, a depth system 1s disclosed.
The depth system includes one or more processors and a
memory that 1s communicably coupled to the one or more
processors. The memory stores instructions that, when
executed by the one or more processors, cause the one or
more processors to acquire sensor data including at least an
image of a surrounding environment. The instructions
include 1nstructions to encode the sensor data into features
using an encoder of a depth model. The mnstructions include
instructions to decode the features into a depth map using a
decoder of the depth model according to an athnity-based
shift correction embedded with the decoder. The instructions
include 1nstructions to provide the depth map that indicates
depths within the surrounding environment.

[0009] In one embodiment, a non-transitory computer-
readable medium 1s disclosed. The computer-readable
medium stores instructions that, when executed by one or
more processors, cause the one or more processors to
perform the disclosed functions. The instructions include
instructions to acquire sensor data including at least an
image of a surrounding environment. The instructions
include 1nstructions to encode the sensor data into features
using an encoder of a depth model. The mnstructions include
instructions to decode the features into a depth map using a
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decoder of the depth model according to an aflinity-based
shift correction embedded with the decoder. The instructions
include 1nstructions to provide the depth map that indicates
depths within the surrounding environment.

[0010] In one embodiment, a method 1s disclosed. The
method includes acquiring sensor data including at least an
image ol a surrounding environment. The method includes
encoding the sensor data 1nto features using an encoder of a
depth model. The method includes decoding the features
into a depth map using a decoder of the depth model
according to an aflinity-based shift correction embedded
with the decoder. The method includes providing the depth
map that indicates depths within the surrounding environ-
ment.

BRIEF DESCRIPTION OF THE DRAWINGS

[0011] The accompanying drawings, which are incorpo-
rated 1n and constitute a part of the specification, illustrate
various systems, methods, and other embodiments of the
disclosure. It will be appreciated that the illustrated element
boundaries (e.g., boxes, groups ol boxes, or other shapes) in
the figures represent one embodiment of the boundaries. In
some embodiments, one element may be designed as mul-
tiple elements or multiple elements may be designed as one
element. In some embodiments, an element shown as an
internal component of another element may be implemented
as an external component and vice versa. Furthermore,
clements may not be drawn to scale.

[0012] FIG. 1 illustrates one embodiment of a vehicle 1n
which example systems and methods disclosed herein may
operate.

[0013] FIG. 2 illustrates one embodiment of a depth
system that 1s associated with improving the determination
of depth data using a machine learning approach and vari-
able depth 1nputs.

[0014] FIGS. 3A-C illustrate examples of point clouds
depicting depth information for a scene.

[0015] FIG. 4 1llustrates a diagram depicting one embodi-
ment of a depth model.

[0016] FIG. 51s adiagram 1llustrating one configuration of
the depth model of FIG. 4.

[0017] FIG. 6 1s a flowchart showing a method associated
with using a depth model and variable depth 1nputs to derive
depth maps.

DETAILED DESCRIPTION

[0018] Systems, methods, and other embodiments associ-
ated with improving depth data through the use of a machine
learning model that integrates available sparse depth data are
disclosed herein. As previously noted, the determination of
depth within an environment can present various difliculties.
That 1s, hardware solutions, such as LiDAR, can encounter
difficulties with incomplete iformation and costs. On the
other hand, software-based solutions, such as monocular
depth estimation, can encounter dificulties with accuracy,
scale ambiguity, and so on. Accordingly, various approaches
to determining depth mmformation about an environment
persist with the different solutions.

[0019] Therefore, 1n one embodiment, a depth system uses
a monocular depth estimation model that processes mon-
ocular 1mages to derive depth data but that also integrates
explicit depth data when available. For example, 1n one
approach, the depth system implements a novel depth model
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having an encoder-decoder architecture. In general, the
encoder 1s a convolutional neural network or similar net-
work for encoding features of monocular images. The
encoder may accept an 1mage as the iput or an image fused
with depth data. The depth data 1s, for example, explicit
depth information from a sensor, such as a LiIDAR, ultra-
sonic sensor, radar, stereo camera, etc. In general, the depth
data 1s sparse, meaning that the depth data 1s not complete
or comprehensive for the surrounding environment but
instead 1s scattered across various aspects of the surrounding
environment. In any case, the encoder generates a feature
map that 1s an encoded abstraction of the original input. The
encoder feeds the feature map to the decoder. The decoder
1s comprised of, for example, deconvolutional layers. In
addition to the deconvolutional layers, in at least one
arrangement, the system includes modules connected with
cach layer of the decoder. The modules function to integrate
the explicit depth data into determinations of the resulting
depth map at the separate layers.

[0020] For example, the modules perform afhnity-based
shift corrections using the depth data (1.e., data from a
L1DAR or other depth sensor). The afhnity-based shiit

correction operates to iteratively align depth predictions to
the provided depth data according to predicted aflinities
between 1image pixels and depth points of the depth data. In
general, the athnity-based shift correction uses depth errors
of semantically similar regions to align the depth predictions
with the mput depth data. Subsequently, the system can also
process the dertved determinations of depth using a correc-
tion confidence module. The correction confidence module
provides for selectively using the prior predictions according
to a reliability of the predictions. In this way, the system
provides an optimized depth map that integrates the explicit
depth data with predictions from the monocular image,
thereby improving the accuracy of the depth map.

[0021] Referring to FIG. 1, an example of a vehicle 100 1s
illustrated. As used heremn, a “vehicle” 1s any form of
powered transport. In one or more implementations, the
vehicle 100 1s an automobile. While arrangements will be
described herein with respect to automobiles, 1t will be
understood that embodiments are not limited to automobiles.
In some implementations, the vehicle 100 may be any form
of transport that benefits from the functionality discussed
heremn. In still further aspects, instead of a vehicle, the
disclosed systems and methods may be implemented 1n a
device that performs machine perception, such as a roadside
unit (RSU), an aernal device (e.g., a drone), a mobile phone,
and so on. Accordingly, the vehicle 100 1s shown and
described as including the depth system 170 for purposes of
the present discussion; however, 1n further aspects, the depth
system 170 may be implemented within other devices.

[0022] The vehicle 100 also includes various elements. It
will be understood that, in various embodiments, the vehicle
100 may not have all of the elements shown 1n FIG. 1. The
vehicle 100 can have different combinations of the various
elements shown 1n FIG. 1. Further, the vehicle 100 can have
additional elements to those shown in FIG. 1. In some
arrangements, the vehicle 100 may be implemented without
one or more of the elements shown in FIG. 1. While the
various elements are shown as being located within the
vehicle 100 in FIG. 1, 1t will be understood that one or more
of these elements can be located external to the vehicle 100.
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Further, the elements shown may be physically separated by
large distances and provided as remote services (e.g., cloud-
computing services).

[0023] Some of the possible elements of the vehicle 100
are shown in FIG. 1 and will be described along with
subsequent figures. A description of many of the elements 1n
FIG. 1 will be provided after the discussion of FIGS. 2-6 for
purposes ol the brevity of this description. Additionally, it
will be appreciated that for simplicity and clarty of illus-
tration, where approprate, reference numerals have been
repeated among the different figures to indicate correspond-
ing, analogous, or similar elements. Furthermore, it should
be understood that the embodiments described herein may

be practiced using various combinations of the described
clements.

[0024] In any case, the vehicle 100 includes a depth
system 170 that functions to improve the derivation of depth
maps by using a machine learning model to process 1images
and depth data together. Moreover, while depicted as a
standalone component, 1n one or more embodiments, the
depth system 170 1s integrated with the assistance system
160 or another similar system of the vehicle 100 to facilitate
tfunctions of the other systems/modules. The noted functions
and methods will become more apparent with a further
discussion of the figures.

[0025] Furthermore, the assistance system 160 may take
many different forms but generally provides some form of
automated assistance to an operator of the vehicle 100. For
example, the assistance system 160 may include various
advanced driving assistance system (ADAS) functions, such
as a lane-keeping function, adaptive cruise control, collision
avoildance, emergency braking, and so on. In further aspects,
the assistance system 160 may be a semi-autonomous or
tully autonomous system that can partially or fully control
the vehicle 100. Accordingly, the assistance system 160, in
whichever form, functions 1n cooperation with sensors of the
sensor system 120 to acquire observations about the sur-
rounding environment from which additional determinations
can be dertved 1n order to provide the various functions.

[0026] As a further aspect, the vehicle 100 also includes a
communication system 180. In one embodiment, the com-
munication system 180 communicates according to one or
more communication standards. For example, the commu-
nication system 180 can include multiple different antennas/
transceivers and/or other hardware elements for communi-
cating at different frequencies and according to respective
protocols. The communication system 180, 1n one arrange-
ment, communicates via short-range communications, such
as a Bluetooth, WiF1, or another suitable protocol for com-
municating between the vehicle 100 and other nearby
devices (e.g., other vehicles). Moreover, the communication
system 180, in one arrangement, further communicates
according to a long-range protocol, such as the global
system for mobile communication (GSM), Enhanced Data
Rates for GSM Evolution (EDGE), or another communica-
tion technology that provides for the vehicle 100 commu-
nicating with a cloud-based resource. In either case, the
system 170 can leverage various wireless communications
technologies to {facilitate communications with nearby
vehicles (e.g., vehicle-to-vehicle (V2V)), nearby inirastruc-
ture elements (e.g., vehicle-to-infrastructure (V2I)), and so
on. For example, in one or more arrangements, the depth
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system 170 may communicate acquired information (e.g.,
high-resolution radar-based maps) to nearby or remote enti-
ties.

[0027] With reference to FIG. 2, one embodiment of the
depth system 170 1s further 1llustrated. As shown, the depth
system 170 includes a processor 110. Accordingly, the
processor 110 may be a part of the depth system 170, or the
depth system 170 may access the processor 110 through

data bus or another communication pathway. In one or more
embodiments, the processor 110 1s an application-speciific
integrated circuit that 1s configured to implement functions
associated with a control module 220. More generally, 1n one
or more aspects, the processor 110 1s an electronic processor,
such as a microprocessor, that 1s capable of performing
vartous lunctions as described herein when executing
encoded functions associated with the depth system 170.

[0028] In one embodiment, the depth system 170 includes
a memory 210 that stores the control module 220. The
memory 210 1s a random-access memory (RAM), read-only
memory (ROM), a hard disk drive, a flash memory, or other
suitable memory for storing the module 220. The module
220 1s, for example, computer-readable instructions that,
when executed by the processor 110, cause the processor 110
to perform the various functions disclosed herein. While, in
one or more embodiments, the module 220 is instructions
embodied 1n the memory 210, 1n further aspects, the module
220 includes hardware such as processing components (e.g.,
controllers), circuits, etc. for independently performing one
or more of the noted functions.

[0029] Furthermore, in one embodiment, the depth system
170 includes a data store 230. The data store 230 1s, 1n one
arrangement, an electronically-based data structure for stor-
ing information. For example, 1 one approach, the data
store 230 15 a database that 1s stored in the memory 210 or
another suitable medium, and that 1s configured with rou-
tines that can be executed by the processor 110 for analyzing
stored data, providing stored data, organizing stored data,
and so on. In any case, 1n one embodiment, the data store
230 stores data used by the module 220 1n executing various
functions. In one embodiment, the data store 230 includes
sensor data 240, depth map(s) 250, and a depth model 260
along with, for example, other information that 1s used by
the control module 220.

[0030] Accordingly, the control module 220 generally
includes instructions that function to control the processor
110 to acquire data inputs from one or more sensors of the
vehicle 100 that form the sensor data 240. In general, the
sensor data 240 includes information that embodies obser-
vations of the surrounding environment of the vehicle 100 or
other device 1n which the depth system 170 1s situated. The
observations of the surrounding environment, in various
embodiments, can include surrounding lanes, vehicles,
objects, obstacles, etc. that may be present in the lanes,
proximate to a roadway, within a parking lot, garage struc-
ture, driveway, or another area within which the vehicle 100
1s traveling or parked.

[0031] While the control module 220 1s discussed as
controlling the various sensors to provide the sensor data
240, 1n one or more embodiments, the control module 220
can employ other techniques to acquire the sensor data 240
that are either active or passive. For example, the control
module 220 may passively snifl the sensor data 240 from a
stream of electronic information provided by the various
sensors to further components within the vehicle 100. More-
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over, the control module 220 can undertake wvarious
approaches to fuse data from multiple sensors when provid-
ing the sensor data 240. Thus, the sensor data 240, 1n one
embodiment, represents a combination of perceptions
acquired from multiple sensors and/or other aspects of the
vehicle 100. For example, 1n a further configuration, the
sensor data 240 may include information acquired via the
communication system 180, such as data from other vehicles
and/or iirastructure devices. That 1s, the depth system 170
may acquire 1mages and/or depth data from other vehicles,
mobile devices, road-side unaits, etc.

[0032] In any case, the control module 220 acquires the
sensor data 240 that includes at least monocular images from
the camera 126 or another imaging device, such as a LiIDAR
via ambient environment lighting and intensity returns. That
1s, the camera 126 may generate RGB 1mages using, for
example, a charge-coupled device (CCD) type sensor and/or
the LiDAR may generate an image according to intensity
returns and ambient environment lighting that i1s distinct
from point clouds typically generated using a L1IDAR, which
the LiDAR may still also generate in combination. The
monocular 1images are generally derived from one or more
monocular videos that are comprised of a plurality of
frames. As described herein, the monocular 1images are, for
example, 1mages from the camera 126 or another imaging
device that encompasses a field-of-view (FOV) about the
vehicle 100 of at least a portion of the surrounding envi-
ronment. That 1s, a monocular 1mage 1s, 1n one approach,
generally limited to a subregion of the surrounding envi-
ronment. As such, the image may be of a forward-facing
(1.e., the direction of travel) 60, 90, 120-degree FOV, a
rear/side facing FOV, or some other subregion as defined by
the 1maging characteristics (e.g., lens distortion, FOV, etc.)
of the camera 126. In various aspects, the camera 126 1s a
pinhole camera, a fisheye camera, a catadioptric camera, or
another form of camera that acquires i1mages without a
specific depth modality.

[0033] An individual monocular image itself includes
visual data of the FOV that 1s encoded according to an
imaging standard (e.g., codec) associated with the camera
126 or another imaging device that 1s the source. In general,
characteristics of a source camera (e.g., camera 126) and the
video standard define a format of the monocular 1mage.
Thus, while the particular characteristics can vary according
to different implementations, in general, the 1image has a
defined resolution (1.e., height and width in pixels) and
format. Thus, for example, the monocular image 1s generally
an RGB visible light image. In further aspects, the monocu-
lar 1mage can be an infrared image associated with a
corresponding infrared camera, a black/white 1mage, or
another suitable format as may be desired. Whichever for-
mat that the depth system 170 implements, the 1image 1s a
monocular 1mage 1in that there 1s no explicit additional
modality indicating depth nor any explicit corresponding
image from another camera from which the depth can be
derived (1.e., no stereo camera pair). In contrast to a stereo
image that may integrate left and right images from separate
cameras mounted side-by-side to provide an additional
depth channel, the monocular 1mage does not include
explicit depth mformation, such as disparity maps derived
from comparing the stereco 1images pixel-by-pixel. Instead,
the depth system 170 employs the depth model 260 to derive
depth information from 1mplicit relationships of perspective
and size of elements depicted within the image.
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[0034] Additionally, the sensor data 240, 1n one or more
arrangements, further includes depth data about a scene
depicted by the associated monocular images. The depth
data indicates distances from a range sensor that acquired
the depth data to features in the surrounding environment.
The depth data, in one or more approaches, 1s sparse or
generally incomplete for a corresponding scene such that the
depth data includes sparsely distributed points within a
scene that are annotated by the depth data as opposed to a
depth map (e.g., depth map 250) that generally provides
comprehensive depths for each separate depicted pixel.
Consider FIGS. 3A, 3B, and 3C, which depict separate
examples of depth data for a common scene. FIG. 3A depicts
a depth map 300 that includes a plurality of annotated points
generally corresponding to an associated monocular image
on a per-pixel basis. Thus, the depth map 300 includes about
18,288 separate annotated points.

[0035] By comparison, FIG. 3B 1s an exemplary 3D point
cloud 310 that may be generated by a LiDAR device having
64 scanning beams. Thus, the point cloud 310 includes about
1,427 separate points. Even though the point cloud 310
includes substantially fewer points than the depth map 300,
the depth data of FIG. 3B represents a significant cost to
acquire over a monocular 1mage. These costs and other
difliculties generally relate to an expense of a robust LIDAR
sensor that includes 64 separate beams, difliculties 1n cali-
brating this type of LiDAR device with the monocular
camera, storing large quantities of data associated with the
point cloud 310 for each separate 1mage, and so on. As an
example of sparse depth data, FIG. 3C depicts a point cloud
320. In the example of the point cloud 320, a LiDAR having
4 beams generates about 77 points that form the point cloud
320. Thus, 1 comparison to the point cloud 310, the point
cloud 320 includes about 5% of the depth data as the point
cloud 310, which 1s a substantial reduction in data. However,
the sparse information depicted by point cloud 320 1s
generally insuilicient to develop a comprehensive assess-
ment of the surrounding environment.

[0036] As an additional comparison of the FIGS. 3A-3C,
note that within FIGS. 3A and 3B, the depth data 1s sufli-
ciently dense to convey details of existing features/objects
such as vehicles, etc. However, within the point cloud 320
of FIG. 3C, the depth data 1s sparse or, stated otherwise, the
depth data vaguely characterizes the corresponding scene
according to distributed points across the scene that do not
generally provide detail of specific features/objects depicted
therein. Thus, this sparse depth data that 1s dispersed 1n a
minimal manner across the scene may not provide enough
data for some purposes. While the depth data i1s generally
described as originating from a LiDAR, 1n further embodi-
ments, the depth data may originate from a stereo camera,
radar, or another range sensor. Furthermore, the depth data
itsell generally includes depth/distance information relative
to a point of origin, such as the range sensor that may be
turther calibrated 1n relation to the camera 126, and may also
include coordinates (e.g., X, y within an 1image) correspond-
ing with separate depth measurements.

[0037] Continuing with the description of elements stored
by the depth system 170, the depth map 2350 1s a mapping of
depths within the surroundmg environment corresponding to
the original input 1image. That 1s, 1n at least one approach, the
depth 250 provides depth values corresponding to pixels 1n
the original 1mage. As such, the depth map 250 provides
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dense depth information for a depicted scene where the
depth values are relative to a position of the camera within
the environment.

[0038] The depth model 260 1s, 1n one or more arrange-
ments, a convolutional neural network (CNN) with an
encoder-decoder architecture that can be broadly character-
1zed as, 1n at least one configuration, a monocular depth
estimation model. Additionally, to integrate the explicit
depth data, the depth model 260 includes affinity-based shift
correction modules associated with separate stages of the
decoder. The modules function to inject the depth data into
the decoder such that the provided depth map 250 considers

both the 1image and the depth data.

[0039] Accordingly, with further reference to FIG. 2, the
control module 220 1includes instructions that, when
executed by the processor 110, cause the processor to apply
the depth model 260 to the sensor data 240 and generate the
depth map 250. As further explanation, consider the follow-
ng.

[0040] The control module 220 implements the depth
model 260 with the affinity-based shiit correction module to
adaptively propagate depth information (e.g., sparse depth
data) from each mput point across an entire corresponding
image. For example, a single decoder stage of the depth
model 260, let F denote the image feature map of shape
H'xW'xC and let P ={(p,, d,)},_," denote the list of N input
depth points, where p; and d; are the 2D projection and the
depth of the j-th depth point, respectively. The control
module 220 first applies the depth model 260 to predict an
initial depth map D”**e R "**>! from F using a multi-
layer perceptron (MLP). At a high level, the afhinity-based
shift correction module aligns the 1nitial depth map predic-
tfion to points of the mnput depth data and fuse the data back
into F for a next decoder stage of the depth model 260.

[0041] In regards to the affinity computation itself, the
control module 220 uses the depth data as a reference about
which depth predictions align. The control module 220 uses
the depth model 260 to idenfify regions in the image for
which each depth point of the depth data should act as a
reference point. The control module 220, 1n one approach,
computes the affinity between each pair of 1mage pixels and
the points of the depth data, where the affinity represents the
extent to which each depth point should contribute to the
alignment of each image pixel. In general, the range of
influence of each depth point depends on the distribution of
and number of 1nput points. As one example, between
64-line and 4-line LL1IDAR, the distance between each image
pixel to its nearest depth point varies from 5 to 30 points.
Thus, the control module 220 generates features for each
depth point by, in one approach, adding 2D positional
embeddings to the image features, denoted ¥ , sampling
image features at each depth point projection, and leveraging
a single transformer layer according to equation (1).

{ff}il = Tmnsfﬂrmerﬁ’nmder({[ﬁt’ [p;], dj]}il) (1)

[0042] where [T’ [p;] indicates bilinearly sampling F at
position p; and [.,.] denotes a concatenation. Employing the
cross-attention mechanism, the control module 220 deter-
mines the affinity between feature map pixel f; and input
depth point (p,, d;) according to equation (2).
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ﬂfj = Sﬂﬁmaxj((Wqﬁr)T(kaf)) (2)

[0043] where softmax 1s over the depth data.

[0044] Using the affhinities, the control module 220 creates
a shift-corrected depth map D**¥", which corrects each pixel
in D" using depth errors of semantically similar pixels.
The control module 220 finds the shift-corrected depth of
pixel 1 according to equation (3).

Shift _ pinitial N initial (3)
D" = D jzlﬂfj(dj_Dj )

[0045] The summation 1s the weighted average of depth
errors 1n the inifial depth map prediction for pixels j that
have input depth data points, where the weights are each
pixel j’s affinity, or semantic/location similarity, to pixel 1.
Accordingly, if pixel 11s on an object (e.g., a vehicle) and the
object 1s predicted to be close, then the depth prediction for
pixel i will be shifted accordingly. By supervising D*¥", the
control module 220 can adaptively influence regions for
which a depth point can serve as an effective reference for
alignment. In addition to shift correction, the control module
220 also uses affinities to take a weighted sum over the point
features to get a feature map F #°”%. The control module 220
fuses the point feature weighted sum and the shift corrected
depth map with the initial decoder features and uses the
fused result as input to the next decoder stage of the depth
model 260. Moreover, in one aspect, as an alternative for the
first decoder stage, the control module 220 fuses the
welghted sum of depth point features for the first decoder
stage. This alternative for the first decoder stage alone can
improve results and generates scale-consistent predictions
for subsequent decoder stages.

[0046] The control module 220 further implements, 1n at
least one configuration, a correction confidence prediction
along with the affinity-based shift correction. Because shift-
corrected predictions may, 1n certain circumstances, 1ntro-
duce additional error, the control module 220 implements
the correction confidence prediction to select which of the
predictions to apply in the fused depth map at each stage of
the decoder. For example, 1n at least one approach, the
control module 220 combines the initial and corrected depth
predictions and fuses only select predictions for each depth
map. The control module 220 fuses the depth into the
decoder feature according to equations (4) and (5).

Dfuse — (1 _ waSE)DDfnfrfaf 4 W fuse OD,shg'}‘E‘ (4)

W fuse = G—(tﬁg([ﬁcﬂp ?"pﬂfm‘? Dfﬂfl‘fﬂf: Dsh;f'ﬁ? Tdfﬂ])) (5)

[0047] where F 9°* is the normalized distance of each

pixel to its nearest depth point, 04 1s a lightweight CNN
head, G 1s the sigmoid function, and w4, 1s a 1-channel
confidence map. In this way, the control module 220 1mple-
ments the depth model 260 to improve performance for
sparse depth data.

[0048] With reference to FIG. 4, one configuration of the
depth model 260 1s shown. As 1llustrated, the sensor data 240
1s the nput to an encoder 400 of the depth model 260. It

should be noted that while the sensor data 240 1s shown as
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being input to the encoder 400, the depth data may skip the
encoder 400 and be provided directly to the decoder 410 via
allinity-based shift correction modules 420. That 1s, the
depth model 260 may be arranged to accept the monocular
image and the depth data fused into a single input where the
depth data 1s added as an additional channel of the RGB
monocular image such that the monocular 1mage 1s then an
RGB-D image with the fused sparse depth data. However, 1n
turther embodiments, the depth data 1s 1nstead not fused with
the monocular image and 1s 1nstead 1injected into the decoder
410 via the athnity-based shift correction modules 420 at the
separate stages of the decoder 410. In any case, the depth
model 260, as i1llustrated, has an encoder-decoder architec-
ture with additional connections 1n the decoder 410 for the
allinity-based shift correction modules 420.

[0049] FIG. 5 1llustrates further details of the depth model
260 with particular specificity to the afhnity-based shiit
correction modules 420. FIG. 5§ shows an example of one of
the athinity-based shift correction modules 420, which are all
generally configured in the same arrangement. Thus, FIG. §
shows the module 420 with an aflinity-based shiit correction
component that receives decoder features from a respective
stage of the decoder 410 along with an 1nitial depth map (1.e.,
a depth map from the decoder stage without any modifica-
tion according to the correction) and depth data. The athn-
ity-based shiit correction component incorporates the depth
data and generates a shifted depth map according to the
allinity-based correction. This information along with the
initial depth map are provided into a correction confidence
component 510 that selects which predictions to fuse into
the fused depth map that 1s provided as output to the next
decoder stage.

[0050] With continued reference to FIG. 5, the afhinity-
based shift correction component 500 1s shown 1n yet further
detail. The athinity-based shiit correction component 500 1s
illustrated with additional functions as explained above
where the component 500 dertves the depth errors to identify
semantically similar/dissimilar regions in order to correlate
the depth data with the initial depth map from which the
aflinity-based shift correction component determines how to
generate the shifted depth map according to the respective
aflinities.

[0051] Thus, the shifted depth map i1s then fed to the
correction confidence component 510, as shown 1n further
detail 1n FIG. 5. The correction confidence component 510
derives confidence weighting values to determine which of
the values from the shifted depth map to fuse and generate
the output fused depth map with the final predictions for the
respective decoder stage. In this way, the depth system 170
uses the depth model 260 to integrate explicit depth infor-
mation with inferred depth points from the monocular image
and 1mprove the determination of the depth map 250.

[0052] Additional aspects of improving the derivation of
depth maps through the use of athinity-based shiit correction
to 1tegrate explicit depth data with predicted information
will be discussed 1n relation to FIG. 6. FIG. 6 illustrates a
method 600 associated with processing a monocular 1image
and available depth data (e.g., sparse depth data) into a depth
map using a depth model configured with aflinity-based shift
correction. Method 600 will be discussed from the perspec-
tive of the depth system 170 of FIG. 1. While method 600
1s discussed 1n combination with the depth system 170, 1t
should be appreciated that the method 600 1s not limited to
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being 1mplemented within the depth system 170 but 1s
instead one example of a system that may implement the

method 600.

[0053] At 610, the control module 220 acquires the sensor
data 240. In one embodiment, acquiring the sensor data 240
includes controlling one or more sensors of the vehicle 100
to generate observations about the surrounding environment
of the vehicle 100. The control module 220, 1n one or more
implementations, iteratively acquires the sensor data 240
from one or more sensors of the sensor system 120. The
sensor data 240 includes observations of a surrounding
environment of the vehicle 100. As noted previously, the
sensor data 240 includes at least a monocular image and may
turther include depth data from a LiDAR or another depth
sensor. Moreover, the depth data 1itself 1s generally sparse
depth data, as noted previously. Furthermore, while the
present disclosure generally describes the depth data as
being integrated into the decoder stage directly, 1n various
arrangements, the depth data 1s 1nstead 1nitially fused with
the monocular 1mage.

[0054] In any case, the depth system 170 generally
acquires both forms of data as input. It should be noted that
while the depth system 170 1s primarily described as utiliz-
ing both depth data and image data, the depth system 170
can still generate the depth map 250 without the input of
explicit depth data. That 1s, when depth data 1s available, the
depth system 170 integrates the depth data via the aflinity-
based shift correction module. Otherwise, when such data 1s
not available, the depth system 170 deactivates the modules.
The present description of method 600 focuses on the
instance when the depth data 1s available.

[0055] At 620, the control module 220 encodes the sensor
data 240 into features using an encoder of a depth model
260. Encoding the sensor data 240 generally imnvolves itera-
tively refining abstract representations of the input image via
a series of encoder stages. For example, in the instance
where the encoder 1s a convolutional-based encoder, the
control module 220 convolves a filter over the 1mage to
generate a representation of the image. As a result, the
control module 220 generates a feature map at each stage of
the encoder that 1s fed to a subsequent stage for further
processing and ultimately to the decoder.

[0056] At 630, the control module 220 decodes the fea-

tures mnto a depth map using a decoder of the depth model
260 according to an aflimity-based shiit correction embedded
with the decoder. As previously outlined, the depth model
260 uses the afhinity-based shift correction module to 1nte-
grate the sparse depth data into the decoder. Moreover, the
aflinity-based shift correction functions to iteratively align
depth predictions (e.g., mitial depth map predictions other-
wise referred to as an intermediate depth map) to sparse
depth data. Broadly stated, the control module 220 1s using
the athnity-based shift correction module to compute an
allinity between pairs of the depth points and pixels of the
intermediate depth map, which further involves determining
depth errors to correct the depth map. For example, the
control module 220 also applies a correction confidence
prediction to selectively integrate information from sparse
depth data into decoding the depth map 1n order to avoid
correlations that may negatively influence the depth map
because of particular geometries 1n the image.

[0057] At 640, the control module 220 provides the depth
map 250 that indicates depths within the surrounding envi-
ronment. In various implementations, the control module
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220 provides the depth map 250 by, for example, commu-
nicating the depth map 250 to one or more systems within
the vehicle 100 to facilitate control of the vehicle 100. That
1s, the depth system 170 may be integrated with an assis-
tance system 160 that controls the vehicle 100 to perform
various actions according to mformation percerved within
the depth map 2350. In one implementation, the assistance
system 160 provides advanced driving assistance to, for
example, prevent collisions. Thus, the depth system 170 may
provide the depth map 250 to facilitate i1dentification of
obstacles and associated positions of the obstacles within the
environment, thereby improving operation of the assistance
system 160 and control of the vehicle 100. Of course, while
driving assistance 1s provided as one example, the depth
system 170 may be implemented to improve other functions
as well, such as semi-autonomous driving, autonomous
driving, and so on.

[0058] Additionally, 1t should be appreciated that the
depth system 170 from FIG. 1 can be configured in various
arrangements with separate integrated circuits and/or elec-
tronic chips. In such embodiments, the control module 220
1s embodied as a separate integrated circuit. The circuits are
connected via connection paths to provide for communicat-
ing signals between the separate circuits. Of course, while
separate integrated circuits are discussed, 1n various embodi-
ments, the circuits may be itegrated into a common inte-
grated circuit and/or itegrated circuit board. Additionally,
the integrated circuits may be combined into fewer inte-
grated circuits or divided into more integrated circuits. In
turther embodiments, portions of the functionality associ-
ated with the module 220 may be embodied as firmware
executable by a processor and stored 1n a non-transitory
memory. In still further embodiments, the module 220 1s
integrated as hardware components of the processor 110.

[0059] In another embodiment, the described methods
and/or their equivalents may be mmplemented with com-
puter-executable instructions. Thus, 1n one embodiment, a
non-transitory computer-readable medimum 1s configured
with stored computer-executable instructions that, when
executed by a machine (e.g., processor, computer, and so
on), cause the machine (and/or associated components) to
perform the method.

[0060] While for purposes of simplicity of explanation,
the illustrated methodologies 1n the figures are shown and
described as a series of blocks, 1t 1s to be appreciated that the
methodologies are not limited by the order of the blocks, as
some blocks can occur i different orders and/or concur-
rently with other blocks from that shown and described.
Moreover, less than all the 1llustrated blocks may be used to
implement an example methodology. Blocks may be com-
bined or separated into multiple components. Furthermore,
additional and/or alternative methodologies can employ
additional blocks that are not illustrated.

[0061] FIG. 1 will now be discussed 1n full detail as an
example environment within which the system and methods
disclosed herein may operate. In some 1nstances, the vehicle
100 1s configured to switch selectively between an autono-
mous mode, one or more semi-autonomous operational
modes, and/or a manual mode. Such switching can be
implemented 1n a suitable manner. “Manual mode” means
that all of or a majority of the navigation and/or maneuver-
ing of the vehicle 1s performed according to 1nputs received
from a user (e.g., human driver).
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[0062] In one or more embodiments, the vehicle 100 1s an
autonomous vehicle. As used herein, “autonomous vehicle”
refers to a vehicle that operates in an autonomous mode.
“Autonomous mode” refers to navigating and/or maneuver-
ing the vehicle 100 along a travel route using one or more
computing systems to control the vehicle 100 with minimal
or no mput from a human driver. In one or more embodi-
ments, the vehicle 100 1s fully automated. In one embodi-
ment, the vehicle 100 1s configured with one or more
semi-autonomous operational modes 1n which one or more
computing systems perform a portion of the navigation
and/or maneuvering of the vehicle 100 along a travel route,
and a vehicle operator (1.., driver) provides mputs to the
vehicle to perform a portion of the navigation and/or maneu-
vering of the vehicle 100 along a travel route. Such semi-
autonomous operation can include supervisory control as
implemented by the depth system 170 to ensure the vehicle
100 remains within defined state constraints.

[0063] The vehicle 100 can include one or more proces-
sors 110. In one or more arrangements, the processor(s) 110
can be a main processor of the vehicle 100. For instance, the
processor(s) 110 can be an electronic control unit (ECU).
The vehicle 100 can include one or more data stores 115
(e.g., data store 230) for storing one or more types of data.
The data store 115 can include volatile and/or non-volatile
memory. Examples of suitable data stores 115 include RAM

(Random Access Memory), tlash memory, ROM (Read Only
Memory), PROM (Programmable Read-Only Memory),
EPROM (Erasable Programmable Read-Only Memory),
EEPROM (FElectrically Erasable Programmable Read-Only
Memory), registers, magnetic disks, optical disks, hard
drives, or any other suitable storage medium, or any com-
bination thereof. The data store 115 can be a component of
the processor(s) 110, or the data store 115 can be operatively
connected to the processor(s) 110 for use thereby. The term
“operatively connected,” as used throughout this descrip-
tion, can include direct or indirect connections, including
connections without direct physical contact.

[0064] In one or more arrangements, the one or more data
stores 115 can include map data. The map data can include
maps of one or more geographic areas. In some 1nstances,
the map data can include information (e.g., metadata, labels,
etc.) on roads, tratlic control devices, road markings, struc-
tures, features, and/or landmarks in the one or more geo-
graphic areas. In some instances, the map data can include
aecrial/satellite views. In some instances, the map data can
include ground views of an area, including 360-degree
ground views. The map data can include measurements,
dimensions, distances, and/or information for one or more
items included in the map data and/or relative to other 1tems
included 1n the map data. The map data can include a digital
map with information about road geometry. The map data
can further include feature-based map data such as infor-
mation about relative locations of buildings, curbs, poles,
ctc. In one or more arrangements, the map data can include
one or more terrain maps. In one or more arrangements, the
map data can include one or more static obstacle maps. The
static obstacle map(s) can include mformation about one or
more static obstacles located within one or more geographic
areas. A “static obstacle™ 1s a physical object whose position
does not change or substantially change over a period of
time and/or whose size does not change or substantially
change over a period of time. Examples of static obstacles
include trees, buildings, curbs, fences, railings, medians,

-
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utility poles, statues, monuments, signs, benches, furniture,
mailboxes, large rocks, hills. The static obstacles can be
objects that extend above ground level.

[0065] The one or more data stores 115 can include sensor
data (e.g., sensor data 240). In this context, “sensor data”
means any information from the sensors that the vehicle 100
1s equipped with, including the capabilities and other infor-
mation about such sensors.

[0066] As noted above, the vehicle 100 can include the
sensor system 120. The sensor system 120 can include one
or more sensors. “Sensor’ means any device, component,
and/or system that can detect, perceive, and/or sense some-
thing. The one or more sensors can be configured to operate
in real-time. As used herein, the term “‘real-time” means a
level of processing responsiveness that a user or system
senses as suiliciently immediate for a particular process or
determination to be made, or that enables the processor to
keep up with some external process.

[0067] In arrangements in which the sensor system 120
includes a plurality of sensors, the sensors can work 1nde-
pendently from each other. Alternatively, two or more of the
sensors can work in combination with each other. In such a
case, the two or more sensors can form a sensor network.
The sensor system 120 and/or the one or more sensors can
be operatively connected to the processor(s) 110, the data
store(s) 115, and/or another element of the vehicle 100
(including any of the elements shown 1n FIG. 1). The sensor
system 120 can acquire data of at least a portion of the
external environment of the vehicle 100.

[0068] The sensor system 120 can include any suitable
type ol sensor. Various examples ol different types of
sensors will be described herein. However, 1t will be under-
stood that the embodiments are not limited to the particular
sensors described. The sensor system 120 can include one or
more vehicle sensors 121. The vehicle sensor(s) 121 can
detect, determine, and/or sense information about the
vehicle 100 1tself or interior compartments of the vehicle
100. In one or more arrangements, the vehicle sensor(s) 121
can be configured to detect and/or sense position and ori-
entation changes of the vehicle 100, such as, for example,
based on 1nertial acceleration. In one or more arrangements,
the vehicle sensor(s) 121 can include one or more acceler-
ometers, one or more gyroscopes, an inertial measurement
unit (IMU), a dead-reckoning system, a global navigation
satellite system (GINSS), a global positioning system (GPS),
a navigation system, and/or other suitable sensors. The
vehicle sensor(s) 121 can be configured to detect and/or
sense one or more characteristics of the vehicle 100. In one
or more arrangements, the vehicle sensor(s) 121 can include
a speedometer to determine a current speed of the vehicle
100. Moreover, the vehicle sensor system 121 can include
sensors throughout a passenger compartment, such as pres-
sure/ weight sensors 1n seats, seatbelt sensors, camera(s), and
SO On.

[0069] Altematively, or in addition, the sensor system 120
can include one or more environment sensors 122 config-
ured to acquire and/or sense driving environment data.
“Drniving environment data” includes data or information
about the external environment in which an autonomous
vehicle 1s located or one or more portions thereof. For
example, the one or more environment sensors 122 can be
configured to detect and/or sense obstacles in at least a
portion of the external environment of the vehicle 100
and/or 1nformation/data about such obstacles. Such
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obstacles may be stationary objects and/or dynamic objects.
The one or more environment sensors 122 can be configured
to detect, and/or sense other things in the external environ-
ment of the vehicle 100, such as, for example, lane markers,
signs, tratlic lights, traflic signs, lane lines, crosswalks, curbs
proximate the vehicle 100, off-road objects, etc.

[0070] Various examples of sensors of the sensor system
120 will be described herein. The example sensors may be
part of the one or more environment sensors 122 and/or the
one or more vehicle sensors 121. However, it will be
understood that the embodiments are not limited to the
particular sensors described. As an example, 1n one or more
arrangements, the sensor system 120 can include one or
more radar sensors, one or more LIDAR sensors, one or
more sonar sensors, and/or one or more cameras. In one or
more arrangements, the one or more cameras can be high
dynamic range (HDR) cameras or infrared (IR) cameras.

[0071] The vehicle 100 can include an input system 130.
An “input system” includes, without limitation, devices,
components, systems, elements or arrangements or groups
thereol that enable immformation/data to be entered into a
machine. The mput system 130 can receive an mput from a
vehicle passenger (e.g., an operator or a passenger). The
vehicle 100 can include an output system 140. An “output
system” includes any device, component, or arrangement or
groups thereof that enable information/data to be presented

to a vehicle passenger (e.g., a person, a vehicle passenger,
etc.).

[0072] The vehicle 100 can include one or more vehicle
systems 150. Various examples of the one or more vehicle
systems 150 are shown 1n FIG. 1, however, the vehicle 100
can include a different combination of systems than 1llus-
trated 1n the provided example. In one example, the vehicle
100 can include a propulsion system, a braking system, a
steering system, throttle system, a transmission system, a
signaling system, a navigation system, and so on. The noted
systems can separately or in combination include one or
more devices, components, and/or a combination thereof.

[0073] By way of example, the navigation system can
include one or more devices, applications, and/or combina-
tions thereof configured to determine the geographic loca-
tion of the vehicle 100 and/or to determine a travel route for
the vehicle 100. The navigation system can include one or
more mapping applications to determine a travel route for
the vehicle 100. The navigation system can 1nclude a global
positioning system, a local positioning system or a geolo-
cation system.

[0074] The processor(s) 110, the depth system 170, and/or

the assistance system 160 can be operatively connected to
communicate with the various vehicle systems 150 and/or
individual components thereol. For example, returning to
FIG. 1, the processor(s) 110 and/or the assistance system
160 can be 1n communication to send and/or receive infor-
mation from the various vehicle systems 150 to control the
movement, speed, maneuvering, heading, direction, etc. of
the vehicle 100. The processor(s) 110, the depth system 170,
and/or the assistance system 160 may control some or all of
these vehicle systems 150 and, thus, may be partially or fully
autonomous.

[0075] The processor(s) 110, the depth system 170, and/or
the assistance system 160 can be operatively connected to
communicate with the various vehicle systems 150 and/or
individual components thereof. For example, returning to

FIG. 1, the processor(s) 110, the depth system 170, and/or
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the assistance system 160 can be 1n communication to send
and/or receive mformation from the various vehicle systems
150 to control the movement, speed, maneuvering, heading,
direction, etc. of the vehicle 100. The processor(s) 110, the
depth system 170, and/or the assistance system 160 may
control some or all of these vehicle systems 150.

[0076] The processor(s) 110, the depth system 170, and/or
the assistance system 160 may be operable to control the
navigation and/or maneuvering of the vehicle 100 by con-
trolling one or more of the vehicle systems 150 and/or
components thereof. For instance, when operating in an
autonomous mode, the processor(s) 110, the depth system
170, and/or the assistance system 160 can control the
direction and/or speed of the vehicle 100. The processor(s)
110, the depth system 170, and/or the assistance system 160
can cause the vehicle 100 to accelerate (e.g., by increasing
the supply of energy provided to the engine), decelerate
(e.g., by decreasing the supply of energy to the engine and/or
by applying brakes) and/or change direction (e.g., by turning,
the front two wheels).

[0077] Moreover, the depth system 170 and/or the assis-
tance system 160 can function to perform various driving-
related tasks. The vehicle 100 can include one or more
actuators. The actuators can be any element or combination
ol elements operable to modily, adjust and/or alter one or
more ol the vehicle systems or components thereol to
responsive to receiving signals or other inputs from the
processor(s) 110 and/or the assistance system 160. Any
suitable actuator can be used. For instance, the one or more
actuators can include motors, pneumatic actuators, hydraulic
pistons, relays, solenoids, and/or piezoelectric actuators, just
to name a few possibilities.

[0078] The vehicle 100 can include one or more modules,
at least some of which are described herein. The modules
can be implemented as computer-readable program code
that, when executed by a processor 110, implement one or
more of the various processes described herein. One or more
of the modules can be a component of the processor(s) 110,
or one or more of the modules can be executed on and/or
distributed among other processing systems to which the
processor(s) 110 1s operatively connected. The modules can
include 1nstructions (e.g., program logic) executable by one
or more processor(s) 110. Alternatively, or 1n addition, one
or more data store 115 may contain such instructions.

[0079] In one or more arrangements, one or more of the
modules described herein can include artificial or computa-
tional intelligence elements, e.g., neural network, tuzzy
logic, or other machine learning algorithms. Further, 1n one
or more arrangements, one or more of the modules can be
distributed among a plurality of the modules described
herein. In one or more arrangements, two or more of the

modules described herein can be combined 1nto a single
module.

[0080] The vehicle 100 can include one or more modules
that form the assistance system 160. The assistance system
160 can be configured to recerve data from the sensor system
120 and/or any other type of system capable of capturing
information relating to the vehicle 100 and/or the external
environment of the vehicle 100. In one or more arrange-
ments, the assistance system 160 can use such data to
generate one or more driving scene models. The assistance
system 160 can determine the position and velocity of the
vehicle 100. The assistance system 160 can determine the
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location of obstacles, or other environmental features,
including trathic signs, trees, shrubs, neighboring vehicles,
pedestrians, and so on.

[0081] The assistance system 160 can be configured to
recelve, and/or determine location information for obstacles
within the external environment of the vehicle 100 for use by
the processor(s) 110, and/or one or more of the modules
described herein to estimate position and orientation of the
vehicle 100, vehicle position 1n global coordinates based on
signals from a plurality of satellites, or any other data and/or
signals that could be used to determine the current state of
the vehicle 100 or determine the position of the vehicle 100
with respect to 1ts environment for use in either creating a
map or determimng the position of the vehicle 100 in respect
to map data.

[0082] The assistance system 160 either independently or
in combination with the depth system 170 can be configured
to determine travel path(s), current autonomous driving
maneuvers for the vehicle 100, future autonomous driving
maneuvers and/or modifications to current autonomous driv-
ing maneuvers based on data acquired by the sensor system
120, driving scene models, and/or data from any other
suitable source such as determinations from the sensor data
240. “Driving maneuver’ means one or more actions that
aflect the movement of a vehicle. Examples of driving
maneuvers 1nclude: accelerating, decelerating, braking,
turning, moving in a lateral direction of the vehicle 100,
changing travel lanes, merging into a travel lane, and/or
reversing, just to name a few possibilities. The assistance
system 160 can be configured to mmplement determined
driving maneuvers. The assistance system 160 can cause,
directly or indirectly, such autonomous driving maneuvers
to be implemented. As used herein, “cause” or “causing’”
means to make, command, instruct, and/or enable an event
or action to occur or at least be 1n a state where such event
or action may occur, either 1n a direct or indirect manner.
The assistance system 160 can be configured to execute
various vehicle functions and/or to transmit data to, receive
data from, interact with, and/or control the vehicle 100 or
one or more systems thereof (e.g., one or more of vehicle
systems 150).

[0083] Detailed embodiments are disclosed herein. How-
ever, 1t 1S to be understood that the disclosed embodiments
are mtended only as examples. Therefore, specific structural
and functional details disclosed herein are not to be inter-
preted as limiting, but merely as a basis for the claims and
as a representative basis for teaching one skilled 1n the art to
variously employ the aspects herein 1n virtually any appro-
priately detailed structure. Further, the terms and phrases
used herein are not intended to be limiting but rather to
provide an understandable description of possible 1mple-
mentations. Various embodiments are shown 1n FIGS. 1-6,
but the embodiments are not limited to the illustrated
structure or application.

[0084] The flowcharts and block diagrams in the figures
illustrate the architecture, functionality, and operation of
possible implementations of systems, methods, and com-
puter program products according to various embodiments.
In this regard, each block in the flowcharts or block dia-
grams may represent a module, segment, or portion of code,
which comprises one or more executable instructions for
implementing the specified logical function(s). It should also
be noted that, in some alternative implementations, the
functions noted 1n the block may occur out of the order noted
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in the figures. For example, two blocks shown 1n succession
may, i1n fact, be executed substantially concurrently, or the
blocks may sometimes be executed in the reverse order,
depending upon the functionality mnvolved.

[0085] The systems, components and/or processes
described above can be realized in hardware or a combina-
tion of hardware and software and can be realized 1n a
centralized fashion 1n one processing system or 1n a distrib-
uted fashion where different elements are spread across
several interconnected processing systems. Any kind of
processing system or another apparatus adapted for carrying
out the methods described herein 1s suited. A combination of
hardware and soiftware can be a processing system with
computer-usable program code that, when being loaded and
executed, controls the processing system such that it carries
out the methods described herein. The systems, components
and/or processes also can be embedded in a computer-
readable storage, such as a computer program product or
other data programs storage device, readable by a machine,
tangibly embodying a program of instructions executable by
the machine to perform methods and processes described
herein. These elements also can be embedded 1n an appli-
cation product which comprises all the features enabling the
implementation of the methods described herein and, which
when loaded 1n a processing system, 1s able to carry out
these methods.

[0086] Furthermore, arrangements described herein may
take the form of a computer program product embodied in
one or more computer-readable media having computer-
readable program code embodied, e.g., stored, thereon. Any
combination of one or more computer-readable media may
be utilized. The computer-readable medium may be a com-
puter-readable signal medium or a computer-readable stor-
age medium. The phrase “computer-readable storage
medium”™ means a non-transitory storage medium. A com-
puter-readable medium may take forms, including, but not
limited to, non-volatile media, and volatile media. Non-
volatile media may include, for example, optical disks,
magnetic disks, and so on. Volatile media may include, for
example, semiconductor memories, dynamic memory, and
so on. Examples of such a computer-readable medium may
include, but are not limited to, a floppy disk, a flexible disk,
a hard disk, a magnetic tape, another magnetic medium, an
ASIC, a CD, another optical medium, a RAM, a ROM, a
memory chip or card, a memory stick, and other media from
which a computer, a processor or other electronic device can
read. In the context of this document, a computer-readable
storage medium may be any tangible medium that can
contain, or store a program for use by or 1n connection with
an struction execution system, apparatus, or device.

[0087] The following includes definitions of selected
terms employed herein. The definitions include various
examples and/or forms of components that fall within the
scope ol a term and that may be used for various imple-
mentations. The examples are not itended to be limiting.
Both singular and plural forms of terms may be within the
definitions.

[0088] an embodi-
ment.” “one example.” “an example,” and so on, idicate
that the embodiment(s) or example(s) so described may
include a particular feature, structure, characteristic, prop-
erty, element, or limitation, but that not every embodiment
or example necessarily includes that particular feature,
structure, characteristic, property, element or limitation.
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Furthermore, repeated use of the phrase “in one embodi-
ment” does not necessarily refer to the same embodiment,
though it may.

[0089] “Module,” as used herein, includes a computer or
clectrical hardware component(s), firmware, a non-transi-
tory computer-readable medium that stores instructions,
and/or combinations of these components configured to
perform a function(s) or an action(s), and/or to cause a
function or action from another logic, method, and/or sys-
tem. Module may include a microprocessor controlled by an
algorithm, a discrete logic (e.g., ASIC), an analog circuit, a
digital circuit, a programmed logic device, a memory device
including instructions that when executed perform an algo-
rithm, and so on. A module, in one or more embodiments,
includes one or more CMOS gates, combinations of gates, or
other circuit components. Where multiple modules are
described, one or more embodiments include imncorporating
the multiple modules into one physical module component.
Similarly, where a single module 1s described, one or more
embodiments distribute the single module between multiple
physical components.

[0090] Additionally, module, as used herein, includes rou-
tines, programs, objects, components, data structures, and so
on that perform particular tasks or implement particular data
types. In further aspects, a memory generally stores the
noted modules. The memory associated with a module may
be a buller or cache embedded within a processor, a RAM,
a ROM, a flash memory, or another suitable electronic
storage medium. In still further aspects, a module as envi-
sioned by the present disclosure 1s implemented as an
application-specific integrated circuit (ASIC), a hardware
component of a system on a chip (SoC), as a programmable
logic array (PLA), or as another suitable hardware compo-
nent that 1s embedded with a defined configuration set (e.g.,
instructions) for performing the disclosed functions.

[0091] In one or more arrangements, one or more of the
modules described herein can include artificial or computa-
tional intelligence elements, e.g., neural network, fuzzy
logic, or other machine learning algorithms. Further, 1in one
or more arrangements, one or more of the modules can be
distributed among a plurality of the modules described
herein. In one or more arrangements, two or more of the
modules described herein can be combined into a single
module.

[0092] Program code embodied on a computer-readable
medium may be transmitted using any appropriate medium,
including but not limited to wireless, wireline, optical fiber,
cable, RF, etc., or any suitable combination of the foregoing.
Computer program code for carrying out operations for
aspects of the present arrangements may be written 1n any
combination of one or more programming languages,
including an object-oriented programming language such as
Java™, Smalltalk, C++ or the like and conventional proce-
dural programming languages, such as the “C” program-
ming language or similar programming languages. The
program code may execute entirely on the user’s computer,
partly on the user’s computer, as a standalone software
package, partly on the user’s computer and partly on a
remote computer, or entirely on the remote computer or
server. In the latter scenario, the remote computer may be
connected to the user’s computer through any type of
network, including a local area network (LAN) or a wide
area network (WAN), or the connection may be made to an
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external computer (for example, through the Internet using
an Internet Service Provider).

[0093] The terms “a” and “an,” as used herein, are defined
as one or more than one. The term “plurality,” as used
herein, 1s defined as two or more than two. The term
“another,” as used herein, 1s defined as at least a second or
more. The terms “including” and/or “having.” as used
herein, are defined as comprising (i.e., open language). The
phrase “at least one of . . . and . . . ” as used herein refers
to and encompasses any and all possible combinations of
one or more of the associated listed items. As an example,
the phrase “at least one of A, B, and C” includes A only, B
only, C only, or any combination thereof (e.g., AB, AC, BC
or ABC).

[0094] Aspects herein can be embodied 1n other forms
without departing from the spirit or essential attributes
thereol. Accordingly, reference should be made to the fol-
lowing claims, rather than to the foregoing specification, as
indicating the scope hereof.

What 1s claimed 1s:

1. A depth system, comprising:

ONne Or mMore processors;

a memory communicably coupled to the one or more
processors and storing instructions that, when executed

by the one or more processors, cause the one or more
processors to:

acquire sensor data including at least an 1mage of a
surrounding environment;

encode the sensor data into features using an encoder of
a depth model;

decode the features into a depth map using a decoder of
the depth model according to an athinity-based shift
correction embedded with the decoder; and

provide the depth map that indicates depths within the
surrounding environment.

2. The depth system of claim 1, wherein the sensor data
includes the 1image and sparse depth data corresponding to
the image, wherein the instructions to acquire the sensor data
include instructions to derive the image from one of a

camera and a LiDAR, and

wherein the instructions to decode the features include
instructions to integrate the sparse depth data mto the
decoder through the athinity-based shift correction.

3. The depth system of claim 1, wherein the nstructions
to decode the features using the athnity-based shift correc-
tion include instructions to iteratively align depth predic-
tions to sparse depth data from the sensor data according to

predicted aflinities between the sparse depth data and pixels
of the features.

4. The depth system of claim 1, wherein the nstructions
to decode the features using the athnity-based shift correc-
tion include instructions to determine an athnity for depth
points from the sensor data in relation to an intermediate
depth map by computing the aflinity between pairs of the
depth points and pixels of the intermediate depth map.

5. The depth system of claim 4, wherein the instructions
to decode the features using the athinity-based shiit correc-
tion 1nclude nstructions to generate the depth map using the
afhinities to correlate the depth points and determine depth
errors to correct the depth map.

6. The depth system of claim 1, wherein the istructions
to decode the features using the athnity-based shift correc-
tion include instructions to apply a correction confidence
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prediction to selectively integrate information from sparse
depth data into decoding the depth map from the features.

7. The depth system of claim 1, wherein the instructions
to provide the depth map include 1nstructions to communi-
cate the depth map to one or more systems within a vehicle
to facilitate control of the vehicle, and

wherein the depth model performs monocular depth esti-

mation.

8. The depth system of claim 1, wherein the depth system
1s itegrated within a vehicle, and wherein the depth model
selectively accepts depth data 1in addition to the image.

9. A non-transitory computer-readable medium storing
instructions that, when executed by one or more processors,
cause the one or more processors to:

acquire sensor data including at least an 1mage of a

surrounding environment;
encode the sensor data into features using an encoder of
a depth model;

decode the features mto a depth map using a decoder of
the depth model according to an athnity-based shiit
correction embedded with the decoder; and

provide the depth map that indicates depths within the

surrounding environment.

10. The non-transitory computer-readable medium of
claim 9,

wherein the sensor data includes the 1mage and sparse
depth data corresponding to the image, and

wherein the nstructions to decode the features include
instructions to itegrate the sparse depth data into the
decoder through the aflinity-based shift correction.

11. The non-transitory computer-readable medium of
claim 9, wherein the instructions to decode the features
using the atlinity-based shiit correction include nstructions
to 1teratively align depth predictions to sparse depth data
from the sensor data according to predicted aflinities
between the sparse depth data and pixels of the features.

12. The non-transitory computer-readable medium of
claim 9, wherein the instructions to decode the features
using the aflinity-based shift correction include instructions
to determine an athnity for depth points from the sensor data
in relation to an intermediate depth map by computing the
allinity between pairs of the depth points and pixels of the
intermediate depth map.

13. The non-transitory computer-readable medium of
claim 12, wherein the instructions to decode the features

using the athinity-based shift correction include nstructions
to generate the depth map using the athinities to correlate the
depth points and determine depth errors to correct the depth
map.
14. A method, comprising:
acquiring sensor data including at least an 1mage of a
surrounding environment;

encoding the sensor data into features using an encoder of
a depth model;

decoding the features into a depth map using a decoder of
the depth model according to an athnity-based shift
correction embedded with the decoder; and

providing the depth map that indicates depths within the
surrounding environment.

15. The method of claim 14, wherein the sensor data
includes the image and sparse depth data corresponding to
the 1mage, wherein acquiring the sensor data includes deriv-
ing the image from one of a camera and a LiDAR, and
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wherein decoding the features includes integrating the
sparse depth data into the decoder through the aflinity-
based shiit correction.

16. The method of claim 14, wherein decoding the fea-
tures using the athnity-based shift correction includes 1tera-
tively aligning depth predictions to sparse depth data from
the sensor data according to predicted athnities between the
sparse depth data and pixels of the features.

17. The method of claim 14, wherein decoding the fea-
tures using the aflinity-based shiit correction includes deter-
mimng an aihnity for depth points from the sensor data in
relation to an intermediate depth map by computing the
allinity between pairs of the depth points and pixels of the
intermediate depth map.

18. The method of claim 17, wherein decoding the fea-
tures using the aflinity-based shift correction includes gen-
crating the depth map using the athnities to correlate the
depth points and determine depth errors to correct the depth
map.

19. The method of claim 14, wherein decoding the fea-
tures using the atlinity-based shift correction includes apply-
ing a correction confidence prediction to selectively inte-
grate mnformation from sparse depth data into decoding the
depth map from the features.

20. The method of claim 14, wherein providing the depth
map includes communicating the depth map to one or more
systems within a vehicle to facilitate control of the vehicle,
and

wherein the depth model performs monocular depth esti-

mation.
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