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(57) ABSTRACT

A method includes generating a plurality of lidar inputs
based on the lidar data, where each lidar input from among
the plurality of lidar inputs comprises an image-based por-
tion and a geometric-based portion, and where each lidar
input from among the plurality of lidar inputs defines a
position coordinate of the one or more objects. The method
includes performing, for each lidar input from among the
plurality of lidar inputs, a convolutional neural network
(CNN) routine based on the image-based portion to generate
one or more image-based outputs and assigning the plurality
of lidar inputs to a plurality of echo groups based on the
geometric-based portion. The method includes concatenat-
ing the one or more image-based outputs and the plurality of
echo groups to generate a plurality of fused outputs and
identifying the one or more objects based on the plurality of
fused outputs.
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FIG. 3B

FIG. 3A
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SYSTEMS AND METHODS FOR DETECTING
OBJECTS BASED ON LIDAR DATA

CROSS-REFERENCE TO RELATED
APPLICATION

[0001] This application is a U.S. Patent Application,
which claims priority to, and the benefit of U.S. Provisional
Patent Application No. 63/262,211 filed on Oct. 7,2021. The
disclosure of the above applications is incorporated herein
by reference.

FIELD

[0002] The present disclosure relates to systems and meth-
ods for detecting objects based on lidar data.

BACKGROUND

[0003] The statements in this section merely provide back-
ground information related to the present disclosure and may
not constitute prior art.

[0004] Autonomous and semi-autonomous vehicles use
light detection and ranging (lidar) sensors to obtain three-
dimensional (3D) data points representing objects in an
environment surrounding the vehicle and to perform various
lidar-based routines, such as a driver assistance routine, an
adaptive cruise control routine, a braking routine, and/or an
object detection/identification routine. However, the lidar-
based routines may not accurately process and interpret the
3D data points to identify and detect contours of objects in
an environment surrounding the vehicle, thereby inhibiting
the accuracy of the lidar-based routines.

SUMMARY

[0005] This section provides a general summary of the
disclosure and is not a comprehensive disclosure of its full
scope or all of its features.

[0006] The present disclosure provides a method for
detecting one or more objects based on lidar data obtained
from a lidar sensor of a vehicle, where the lidar data
corresponds to an ambient environment of the vehicle. The
method includes generating a plurality of lidar inputs based
on the lidar data, where each lidar input from among the
plurality of lidar inputs comprises an image-based portion
and a geometric-based portion, and where each lidar input
from among the plurality of lidar inputs defines a position
coordinate of the one or more objects. The method includes
performing, for each lidar input from among the plurality of
lidar inputs, a convolutional neural network (CNN) routine
based on the image-based portion to generate one or more
image-based outputs and assigning the plurality of lidar
inputs to a plurality of echo groups based on the geometric-
based portion. The method includes concatenating the one or
more image-based outputs and the plurality of echo groups
to generate a plurality of fused outputs and identifying the
one or more objects based on the plurality of fused outputs.
[0007] In one form, the geometric-based portion defines a
surface reflectance value associated with the position coor-
dinate. In one form, the plurality of echo groups further
comprise a first echo group associated with a first set of the
plurality of lidar inputs having a first surface reflectance
value and one or more additional echo groups associated
with one or more additional sets of the plurality of lidar
inputs having one or more additional surface reflectance
values. In one form, assigning the plurality of lidar inputs to
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a plurality of echo groups based on the geometric-based
portion further comprises performing, for each lidar input
from among the plurality of lidar inputs, an artificial neural
network (ANN) routine based on the geometric-based por-
tion. In one form, the image-based portion defines a pixel
value associated with the position coordinate, and the
image-based portion defines at least one of a light intensity
value and a surface reflectance value associated with the
position coordinate.

[0008] Inone form, performing the CNN routine based on
the image-based portion to generate the one or more image-
based outputs further comprises generating one or more
bounding boxes, as the one or more image-based outputs,
based on the image-based portion of the plurality of lidar
inputs and determining an estimated object type associated
with the one or more objects based on the one or more
bounding boxes. In one form, identifying the one or more
objects based on the plurality of fused outputs further
comprises selectively adjusting the one or more bounding
boxes based on a type of the plurality of fused outputs
associated with the one or more bounding boxes and clas-
sifying, for each object from among the one or more objects,
the object based on the estimated object type associated with
the object and a bounding box from among the one or more
bounding boxes, where the bounding box is associated with
the object. In one form, the type of the plurality of fused
outputs includes a penetrable type and an impenetrable type.

[0009] The present disclosure provides a system for
detecting one or more objects based on lidar data obtained
from a lidar sensor of a vehicle, where the lidar data
corresponds to an ambient environment of the vehicle. The
system includes one or more processors and one or more
nontransitory computer-readable mediums storing instruc-
tions that are executable by the one or more processors. The
instructions comprise generating a plurality of lidar inputs
based on the lidar data, where each lidar input from among
the plurality of lidar inputs comprises an image-based por-
tion and a geometric-based portion, where each lidar input
from among the plurality of lidar inputs defines a position
coordinate of the one or more objects, and where the
geometric-based portion defines a surface reflectance value
associated with the position coordinate. The instructions
include performing, for each lidar input from among the
plurality of lidar inputs, a convolutional neural network
(CNN) routine based on the image-based portion to generate
one or more image-based outputs and performing, for each
lidar input from among the plurality of lidar inputs, an
artificial neural network (ANN) routine based on the geo-
metric-based portion to generate a plurality of echo groups.
The instructions include concatenating the one or more
image-based outputs and the plurality of echo groups to
generate a plurality of fused outputs and identifying the one
or more objects based on the plurality of fused outputs.

[0010] The present disclosure provides a system for
detecting one or more objects based on lidar data obtained
from a lidar sensor of a vehicle, where the lidar data
corresponds to an ambient environment of the vehicle. The
system includes one or more processors and one or more
nontransitory computer-readable mediums storing instruc-
tions that are executable by the one or more processors. The
instructions comprise generating a plurality of lidar inputs
based on the lidar data, where each lidar input from among
the plurality of lidar inputs comprises an image-based por-
tion and a geometric-based portion, where each lidar input
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from among the plurality of lidar inputs defines a position
coordinate of the one or more objects, and where the
image-based portion defines a pixel value associated with
the position coordinate and at least one of a light intensity
value and a surface reflectance value associated with the
position coordinate. The instructions comprise performing,
for each lidar input from among the plurality of lidar inputs,
a convolutional neural network (CNN) routine based on the
image-based portion to generate one or more image-based
outputs and assigning the plurality of lidar inputs to a
plurality of echo groups based on the geometric-based
portion. The instructions comprise concatenating the one or
more image-based outputs and the plurality of echo groups
to generate a plurality of fused outputs and identifying the
one or more objects based on the plurality of fused outputs.
[0011] Further areas of applicability will become apparent
from the description provided herein. It should be under-
stood that the description and specific examples are intended
for purposes of illustration only and are not intended to limit
the scope of the present disclosure.

DRAWINGS

[0012] In order that the disclosure may be well under-
stood, there will now be described various forms thereof,
given by way of example, reference being made to the
accompanying drawings, in which:

[0013] FIG. 11is a functional block diagram of a vehicle in
accordance with the teachings of the present disclosure;
[0014] FIG. 2 illustrates a plurality of three-dimensional
data points generated by a lidar sensor in accordance with
the teachings of the present disclosure;

[0015] FIG. 3A illustrates a plurality of echo groups in
accordance with the teachings of the present disclosure;
[0016] FIG. 3B illustrates a plurality of echo groups that
are subjected to an echo group reassignment routine in
accordance with the teachings of the present disclosure;
[0017] FIG. 4 illustrates a fused output generated by a
controller of the vehicle in accordance with the teachings of
the present disclosure; and

[0018] FIG. 5 is a flowchart of an example control routine
in accordance with the teachings of the present disclosure.
[0019] The drawings described herein are for illustration
purposes only and are not intended to limit the scope of the
present disclosure in any way.

DETAILED DESCRIPTION

[0020] The following description is merely exemplary in
nature and is not intended to limit the present disclosure,
application, or uses. It should be understood that throughout
the drawings, corresponding reference numerals indicate
like or corresponding parts and features.

[0021] The present disclosure provides systems and meth-
ods for detecting objects based on lidar data obtained from,
for example, a single photon avalanche diode (SPAD)-based
lidar sensor and using multiple integrated machine learning
modules. A controller generates lidar inputs based on the
lidar data, where each lidar input includes an image-based
portion and a geometric-based portion. The controller per-
forms a convolutional neural network routine based on the
image-based portion to generate one or more image-based
outputs, and the controller assigns the lidar inputs to a
plurality of echo groups based on the geometric-based
portion based on an echo assignment routine. The controller
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concatenates the one or more image-based outputs and the
plurality of echo groups to generate a plurality of fused
outputs and identifies one or more objects proximate the
vehicle. Accordingly, the multi-modality approach
employed by the controller provides enhanced accuracy in
detecting and identifying objects in an environment sur-
rounding the vehicle.

[0022] Referring to FIG. 1, a vehicle 10 is shown and
generally includes one or more lidar sensors 12 and a
controller 20. In one form, the components of the vehicle 10
are communicably coupled by a vehicle communication
network, such as a controlled area network (CAN), a local
interconnect network (LIN), and/or other suitable commu-
nication networks.

[0023] Inone form, the one or more lidar sensors 12 detect
contours and ranges of various objects of an environment
surrounding the vehicle 10 (hereinafter referred to as “the
ambient environment”), such as traffic infrastructure,
obstructions, pedestrians, other vehicles, among other
objects surrounding the vehicle 10. Specifically, each of the
one or more lidar sensors 12 includes a laser system that
emits a laser, a photodetector system that obtains various
reflection metrics associated with one or more reflected
signals associated with the objects in the surrounding envi-
ronment, such as a surface reflectance associated with the
reflected signals, a light intensity value that is based on a
luminosity of the environment surrounding the vehicle 10,
and a surface reflectance value that is based on a signal
strength of the reflected signals. In one form, the one or more
lidar sensors 12 are provided by one or more SPAD-based
lidar sensors.

[0024] Inone form, the controller 20 includes a lidar input
module 30, an assignment module 40, a convolutional neural
network (CNN) module 50, a concatenation module 60, and
an object identification module 70. In one form, the lidar
input module 30 generates a plurality of lidar inputs based
on the lidar data obtained from the one or more lidar sensors
12. In one form, each lidar input defines a position coordi-
nate of the detected objects within the ambient environment.
As an example, the position coordinate may be a polar
representation of the detected objects that defines an azimuth
and/or elevation of the detected objects and a range relative
to the given lidar sensor 12. As another example, the position
coordinate may be a cartesian representation of the detected
objects that defines a three-dimensional (3D) cartesian coor-
dinate of the detected object relative to the given lidar sensor
12.

[0025] In one form, the lidar input includes an image-
based portion that is processed by the CNN module 50 and
a geometric-based portion that is processed by the assign-
ment module 40. The image-based portion defines a pixel
value associated with the position coordinate, a light inten-
sity value associated with the position coordinate, and/or a
surface reflectance value associated with the position coor-
dinate. The geometric-based portion defines the surface
reflectance value associated with the position coordinate. In
one form, the pixel value is a pixel coordinate associated
with the position coordinate and within a field of view of the
one or more lidar sensors 12, and the pixel coordinate is
represented as, for example, a two-dimensional (2D) value.
In one form, the light intensity value is an 8-bit value
representing a luminosity of the detected object/contour at
the given position coordinate (e.g., 0-255). In one form, the
surface reflectance value is a value representing the signal
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strength of the reflected signal associated with the given
position coordinate. An example table illustrating a plurality
of lidar inputs is shown below in Table 1.

TABLE 1

Example Lidar Inputs

Surface
Reflectance Value
Light (Image-based
Pixel Value  Intensity Value portion and/or
Lidar  Position  (Image-based  (Image-based geometric-based
Input Coordinate portion) portion) portion)
Ay X Y121 SX15 8Y1 Lm, R,
Ay X2, ¥2, 22 $X3, 8Y2 Lm, R,
Az X3, ¥3, 23 $X3, 8Y3 Lm; R;
Ay X Yar 2y 5X4, SY4 Lm, Ry
[0026] Intable 1, Arepresents a given lidar input, (X, y, )

represents the cartesian coordinate of the object/contour, (sx,
sy) represents the pixel coordinate of the object/contour in a
frame/field of view relative to the lidar sensor(s) 12, Lm
represents the light intensity value in lumens, and R repre-
sents the surface reflectance value.

[0027] In one form, the assignment module 40 includes a
point cloud module 42 and an echo group module 44. In one
form, the point cloud module 42 generates a plurality of
three-dimensional (3D) data points based on the lidar inputs
using known lidar data point generation routines. As an
example and as shown in FIG. 2, the point cloud module 42
is configured to generate 3D data points 80 based on the
position coordinates associated with the lidar inputs and
representing the contours, surfaces, and ranges of various
objects surrounding the vehicle 10.

[0028] In one form, the echo group module 44 assigns the
plurality of 3D data points 80 to a plurality of echo groups
based on the geometric-based portion of the lidar inputs (i.e.,
the surface reflectance value associated with the position
coordinate). As used herein, “echo group” refers to a set of
3D data points 80 having the same (or approximately the
same) surface reflectance values. In one form, each echo
group is associated with a unique surface reflectance value
(i.e., each 3D data point 80 of a first echo group has a first
surface reflectance value, each 3D data point 80 of a second
echo group has a second surface reflectance value, and so
on). In one form, the light intensity and/or surface reflec-
tance values of the 3D data points 80 of a given echo group
may be equal or unequal.

[0029] As an example and referring to FIGS. 1 and 3A, the
echo group module 44 may generate a first echo group 90-1
representing a set of 3D data points 80 associated with a first
surface reflectance value, a second echo group 90-2 repre-
senting a set of 3D data points 80 associated with a second
surface reflectance value, and a third echo group 90-3
representing a set of 3D data points 80 associated with a
third surface reflectance value. In one form, the first surface
reflectance value is less than the second surface reflectance
value, and the second surface reflectance value is less than
the third surface reflectance value. The first, second, and
third echo groups 90-1, 90-2, 90-3 are collectively referred
to hereinafter as the “echo groups 90.” It should be under-
stood that the echo group module 44 may assign the 3D data
points 80 to any number of echo groups 90 and is not limited
to the examples described herein.

Apr. 13,2023

[0030] In one form, the echo group module 44 assigns the
echo groups 90 to one of a penetrable set and an impen-
etrable set based on a penetrable group identification rou-
tine. As an example and referring to FIGS. 1 and 3A-3B, the
echo group module 44 correlates laser beams 100-1, 100-2,
100-3, 100-4, 100-5, 100-6, 100-7, 100-8, 100-9 (collec-
tively referred to hereinafter as “laser beams 100”) emitted
by the one or more lidar sensors 12 to the resulting 3D data
points 80 and identified echo groups 90. Subsequently, for
each of the laser beams 100, the echo group module 44
assigns the 3D data point 80 that is furthest from the one or
more lidar sensors 12 to the impenetrable set and the
remaining 3D data points 80 to the penetrable set. In one
form, the penetrable set of echo groups 90 and/or 3D data
points 80 are associated with contours of a detected object
and/or a reflection of a semi-transparent surface of the
detected object. As described below in further detail, the
object identification module 70 is configured to identify the
one or more objects in the ambient environment based on the
echo groups 90 that are assigned to penetrable set.

[0031] In one form, the echo group module 44 assigns the
plurality of 3D data points 80 to the plurality of echo groups
90 and/or assigns the echo groups 90 to the penetrable/
impenetrable sets based on the geometric-based portion and
an artificial neural network (ANN) routine. As an example,
the echo group module 44 may include a multilayer percep-
tron network (e.g., a PointNet++ neural network or other
known open-source projects) that includes a sampling layer
configured to identify one or more centroids of the plurality
of 3D data points 80 based on an iterative farthest point
sampling routine. The multilayer perceptron network
includes a grouping layer that locates 3D data points 80
proximate the one or more centroids and a PointNet layer
that identifies the features associated with the 3D data points
80 (e.g., the surface reflectance value associated with the
position coordinate). The multilayer perceptron network
may also include a segmentation network and/or a classifi-
cation network that assign the plurality of 3D data points 80
to the echo groups 90 (and optionally assign the echo groups
90 to the penetrable/impenetrable sets) based on the features
identified by the PointNet layer. It should be understood that
the echo group module 44 may include other ANN archi-
tectures to assign the plurality of 3D data points 80 to the
plurality of echo groups 90 and/or assign the echo groups 90
to the penetrable/impenetrable sets and is not limited to the
example described herein.

[0032] In one form, the CNN module 50 performs a CNN
routine based on the image-based portion of the lidar inputs
to generate one or more image-based outputs. In one form,
the CNN module 50 includes a bounding box module 52 and
an object type module 54. While CNN routines are described
herein, it should be understood that the CNN module 50 may
be replaced with other networks, systems, and/or modules
configured to perform the morphological operations
described herein, such as a computer vision system.

[0033] The bounding box module 52 may generate one or
more bounding boxes based on the image-based portion of
the lidar inputs. Specifically, the bounding box module 52
generates bounding boxes (e.g., rotated bounding boxes or
non-rotated bounding boxes) that surround detected objects
of the ambient environment. As an example, the bounding
box module 52 is implemented by a CNN routine or other
deep learning neural network routine that is configured to
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generate the one or more bounding boxes by performing
known semantic segmentation routines and bounding box
generation routines.

[0034] In one form, the object type module 54 determines
an estimated object type associated with the one or more
detected objects based on the bounding boxes. As an
example, the object type module 54 determines one or more
metrics associated with the bounding boxes using known
image processing routines (e.g., a difference-based image
processing routine, a semantic-based image processing rou-
tine, pixel conversion routines, among others). Example
metrics include, but are not limited to: a positional relation-
ship between edges, such as a distance and/or angular
displacement, the area of the bounding boxes, and/or the
length/width of the bounding boxes.

[0035] As a specific example and referring to FIGS. 1 and
4, the bounding box module 52 generates bounding boxes
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ule 40 is sufficiently trained, the assignment module 40 is
configured to autonomously generate the 3D data points 80
associated with the lidar data and assign the 3D data points
80 to the given echo group 90, as described above. Further-
more, when the CNN module 50 is sufficiently trained, the
CNN module 50 is configured to autonomously generate the
bounding boxes 110 and one or more vectors corresponding
to the identified object types of the objects 120.

[0037] In one form, the concatenation module 60 concat-
enates the one or more image-based outputs 130 and the
echo groups 90 to generate a plurality of fused outputs 140.
As an example, the concatenation module 60 appends, for
each of the bounding boxes 110 and corresponding vector
identifying the type of detected object (i.e., the one or more
image-based outputs 130), the 3D data points 80 having a
position coordinate within the given bounding box 110 and
the respective echo group 90, as shown below in Table 2.

TABLE 2

Example Fused Qutputs

Fused Image-based Bounding Estimated Echo Penetrable/ 3D data

Output Output Box  Object Type Group Impenetrable Set points
140, 130, 110,  Bicyelist 90,  Penetrable 80,-8039
140, 130, 110,  Bicyelist 90, Impenetrable 80,40-805
1404 130, 110,  Pedestrian 90, Penetrable 80,01-80 143
140, 130, 110,  Pedestrian 90, Impenetrable 80,43-80,7
1405 1305 1103 Vehicle 90,  Penetrable 80190-8055
1404 1305 1103 Vehicle 90, Impenetrable 80560-80302
140, 130, 110,  Building 90, Penetrable 804,3-80555
140g 1304 110,  Building 90, Impenetrable 80563-80765

110-1, 110-2, 110-3, 110-4, 110-5, 110-6, 110-7 (collectively
referred to hereinafter as “bounding boxes 110”) corre-
sponding to detected objects 120-1, 120-2, 120-3, 120-4,
120-5, 120-6, 120-7 (collectively referred to hereinafter as
“objects 120”), respectively. Subsequently, the object type
module 54 calculates various metrics of the bounding boxes
and identifies the type of object by correlating the metrics to
an object-metric table defined during a training routine of
the CNN 50, such as a person, another vehicle, a bicyclist,
traffic infrastructure, etc. The object type module 54 then
generates one or more vectors corresponding to the identi-
fied object type(s) and provides the one or more vectors to
the concatenation module 60 and the bounding boxes 110 as
the one or more image-based outputs 130 (e.g., the object
type module 54 performs one-hot encoding routines to
generate one or more n-bit vectors representing the identi-
fied object types, where n corresponds to the number of
detectable object types). Furthermore, the one or more
vectors may also correspond to regions outside of the
bounding boxes 110 (e.g., one or more n-bit vectors having
a value of “0”).

[0036] To perform the functionality described herein, it
should be understood that the assignment module 40 and the
CNN module 50 may be trained using known training
routines. As an example, the assignment module 40 and the
CNN module 50 are trained using a multi-task loss routine
that adjusts one or more parameters of the assignment
module 40 and the CNN module 50 based on a 3D point
proposal loss, which is a function of binary segmentation
loss and a regression loss, and a bounding box refinement
loss, which is a function of a confidence estimation loss and
the regression loss. Accordingly, when the assignment mod-

[0038] In one form, the object identification module 70
identifies the one or more objects 120 based on the fused
outputs 140 and includes an adjustment module 72 and a
classification module 74. The adjustment module 72 selec-
tively adjusts the one or more bounding boxes 110 based on
the type of fused outputs 140 associated with the one or
more bounding boxes 110. As an example, the adjustment
module 72 adjusts a given bounding box 110 when at least
one corresponding fused output 140 includes an echo group
90 assigned to the penetrable set. As another example, the
adjustment module 72 does not adjust the given bounding
box 110 when none of the corresponding fused outputs 140
includes an echo group 90 assigned to the penetrable set
(i.e., each echo group 90 belongs to the impenetrable set).
[0039] In one form, the adjustment module 72 adjusts the
dimensions of each bounding box 110 such that it encapsu-
lates the 3D data points 80 that are assigned to the penetrable
set. As an example, the adjustment module 72 adjusts: the
dimensions of the bounding box 110-1 to only encapsulate
3D data points 80,-80,,, the dimensions of the bounding box
110-2 to only encapsulate 3D data points 80,,,-80,,5, the
dimensions of the bounding box 110-3 to only encapsulate
3D data points 80,4,-80,5,, the dimensions of the bounding
box 110-4 to only encapsulate 3D data points 805, 5-8055s.
As another example, the adjustment module 72 partitions the
bounding boxes 110 into additional bounding boxes that
individually encapsulate 3D data points 80,-80;,, 80,,-
80,3, 80,59-80,5,, and 805,5-80sss.

[0040] In one form, classification module 74 classifies, for
each object 120, the object based on the estimated object
type and the corresponding bounding box 110 (e.g., the
bounding box 110 as adjusted by the adjustment module 72).
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As an example, when the bounding box 110 is adjusted by
the adjustment module 72, the classification module 74
updates the estimated object type by determining one or
more metrics associated with the adjusted bounding box 110
using known image processing routines. Subsequently, the
classification module 74 classifies the detected object 120 by
correlating the metrics to an object classification-metric
table defined during a training routine of the classification
module 74. As another example, when the bounding box 110
is not adjusted by the adjustment module 72, the classifica-
tion module 74 classifies the object type as the estimated
object type determined by the CNN module 50.

[0041] Accordingly, the object identification module 70
utilizes the fused output to authenticate the estimated object
types derived by the CNN module 50. That is, concatenating
the image-based outputs 130 with the echo groups 90 and/or
corresponding assigned set enables the controller 20 to
enhance the accuracy of object detection routines as opposed
to conventional object routines individually utilizing the 3D
data points 80 or the image-based outputs 130. To perform
the functionality described herein, it should be understood
that object identification module 70 may be trained using
known CNN ftraining routines.

[0042] Referring to FIG. 5, a flowchart illustrating a
routine 500 for detecting one or more objects 120 based on
lidar data is shown. At 504, the controller 20 generates a
plurality of lidar inputs based on the lidar data. At 508, the
controller 20 performs a CNN routine based on the image-
based portion of the lidar inputs to generate one or more
image-based outputs 130. At 512, the controller 20 assigns
the lidar data to a plurality of echo groups 90 based on the
geometric-based portion of the lidar inputs. At 516, the
controller 20 concatenates the one or more image-based
outputs 130 and the echo groups 90 to generate the fused
outputs 140. At 520, the controller 20 identifies the one or
more objects 120 based on the fused outputs 140.

[0043] Unless otherwise expressly indicated herein, all
numerical values indicating mechanical/thermal properties,
compositional percentages, dimensions and/or tolerances, or
other characteristics are to be understood as modified by the
word “about” or “approximately” in describing the scope of
the present disclosure. This modification is desired for
various reasons including industrial practice, material,
manufacturing, and assembly tolerances, and testing capa-
bility.

[0044] As used herein, the phrase at least one of A, B, and
C should be construed to mean a logical (A OR B OR C),
using a non-exclusive logical OR, and should not be con-
strued to mean “at least one of A, at least one of B, and at
least one of C.”

[0045] In this application, the term “controller” and/or
“module” may refer to, be part of, or include: an Application
Specific Integrated Circuit (ASIC); a digital, analog, or
mixed analog/digital discrete circuit; a digital, analog, or
mixed analog/digital integrated circuit; a combinational
logic circuit; a field programmable gate array (FPGA); a
processor circuit (shared, dedicated, or group) that executes
code; a memory circuit (shared, dedicated, or group) that
stores code executed by the processor circuit; other suitable
hardware components (e.g., op amp circuit integrator as part
of the heat flux data module) that provide the described
functionality; or a combination of some or all of the above,
such as in a system-on-chip.
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[0046] The term memory is a subset of the term computer-
readable medium. The term computer-readable medium, as
used herein, does not encompass transitory electrical or
electromagnetic signals propagating through a medium
(such as on a carrier wave); the term computer-readable
medium may therefore be considered tangible and non-
transitory. Non-limiting examples of a non-transitory, tan-
gible computer-readable medium are nonvolatile memory
circuits (such as a flash memory circuit, an erasable pro-
grammable read-only memory circuit, or a mask read-only
circuit), volatile memory circuits (such as a static random
access memory circuit or a dynamic random access memory
circuit), magnetic storage media (such as an analog or digital
magnetic tape or a hard disk drive), and optical storage
media (such as a CD, a DVD, or a Blu-ray Disc).

[0047] The apparatuses and methods described in this
application may be partially or fully implemented by a
special purpose computer created by configuring a general-
purpose computer to execute one or more particular func-
tions embodied in computer programs. The functional
blocks, flowchart components, and other elements described
above serve as software specifications, which can be trans-
lated into the computer programs by the routine work of a
skilled technician or programmer.

[0048] The description of the disclosure is merely exem-
plary in nature and, thus, variations that do not depart from
the substance of the disclosure are intended to be within the
scope of the disclosure. Such variations are not to be
regarded as a departure from the spirit and scope of the
disclosure.

What is claimed is:

1. A method for detecting one or more objects based on
lidar data obtained from a lidar sensor of a vehicle, wherein
the lidar data corresponds to an ambient environment of the
vehicle, the method comprising:

generating a plurality of lidar inputs based on the lidar

data, wherein:

each lidar input from among the plurality of lidar inputs
comprises an image-based portion and a geometric-
based portion; and

each lidar input from among the plurality of lidar inputs
defines a position coordinate of the one or more
objects;

performing, for each lidar input from among the plurality

of lidar inputs, a convolutional neural network (CNN)
routine based on the image-based portion to generate
one or more image-based outputs;
assigning the plurality of lidar inputs to a plurality of echo
groups based on the geometric-based portion;

concatenating the one or more image-based outputs and
the plurality of echo groups to generate a plurality of
fused outputs; and

identifying the one or more objects based on the plurality

of fused outputs.

2. The method of claim 1, wherein the geometric-based
portion defines a surface reflectance value associated with
the position coordinate.

3. The method of claim 2, wherein the plurality of echo
groups further comprise:

a first echo group associated with a first set of the plurality

of lidar inputs having a first surface reflectance value;
and
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one or more additional echo groups associated with one or
more additional sets of the plurality of lidar inputs
having one or more additional surface reflectance val-
ues.

4. The method of claim 1, wherein assigning the plurality
of lidar inputs to a plurality of echo groups based on the
geometric-based portion further comprises performing, for
each lidar input from among the plurality of lidar inputs, an
artificial neural network (ANN) routine based on the geo-
metric-based portion.

5. The method of claim 1, wherein:

the image-based portion defines a pixel value associated

with the position coordinate; and

the image-based portion defines at least one of a light

intensity value and a surface reflectance value associ-
ated with the position coordinate.
6. The method of claim 1, wherein performing the CNN
routine based on the image-based portion to generate the one
or more image-based outputs further comprises:
generating one or more bounding boxes, as the one or
more image-based outputs, based on the image-based
portion of the plurality of lidar inputs; and

determining an estimated object type associated with the
one or more objects based on the one or more bounding
boxes.
7. The method of claim 6, wherein identifying the one or
more objects based on the plurality of fused outputs further
comprises:
selectively adjusting the one or more bounding boxes
based on a type of the plurality of fused outputs
associated with the one or more bounding boxes; and

classifying, for each object from among the one or more
objects, the object based on the estimated object type
associated with the object and a bounding box from
among the one or more bounding boxes, wherein the
bounding box is associated with the object.

8. The method of claim 7, wherein the type of the plurality
of fused outputs includes a penetrable type and an impen-
etrable type.

9. A system for detecting one or more objects based on
lidar data obtained from a lidar sensor of a vehicle, wherein
the lidar data corresponds to an ambient environment of the
vehicle, the system comprising:

one or more processors and one or more nontransitory

computer-readable mediums storing instructions that
are executable by the one or more processors, wherein
the instructions comprise:
generating a plurality of lidar inputs based on the lidar
data, wherein:
each lidar input from among the plurality of lidar
inputs comprises an image-based portion and a
geometric-based portion;
each lidar input from among the plurality of lidar
inputs defines a position coordinate of the one or
more objects; and
the geometric-based portion defines a surface reflec-
tance value associated with the position coordi-
nate;
performing, for each lidar input from among the plu-
rality of lidar inputs, a convolutional neural network
(CNN) routine based on the image-based portion to
generate one or more image-based outputs;
performing, for each lidar input from among the plu-
rality of lidar inputs, an artificial neural network
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(ANN) routine based on the geometric-based portion
to generate a plurality of echo groups;
concatenating the one or more image-based outputs and
the plurality of echo groups to generate a plurality of
fused outputs; and
identifying the one or more objects based on the
plurality of fused outputs.

10. The system of claim 9, wherein the plurality of echo
groups further comprise:

a first echo group associated with a first set of the plurality
of lidar inputs having a first surface reflectance value;
and

one or more additional echo groups associated with one or
more additional sets of the plurality of lidar inputs
having one or more additional surface reflectance val-
ues.

11. The system of claim 9, wherein:

the image-based portion defines a pixel value associated
with the position coordinate; and

the image-based portion defines at least one of a light
intensity value and the surface reflectance value asso-
ciated with the position coordinate.

12. The system of claim 9, wherein the instructions for
performing the CNN routine based on the image-based
portion to generate the one or more image-based outputs
further comprise:

generating one or more bounding boxes, as the one or
more image-based outputs, based on the image-based
portion of the plurality of lidar inputs; and

determining an estimated object type associated with the
one or more objects based on the one or more bounding
boxes.

13. The system of claim 12, wherein the instructions for
identifying the one or more objects based on the plurality of
fused outputs further comprise:

selectively adjusting the one or more bounding boxes
based on a type of the plurality of fused outputs
associated with the one or more bounding boxes; and

classifying, for each object from among the one or more
objects, the object based on the estimated object type
associated with the object and a bounding box from
among the one or more bounding boxes, wherein the
bounding box is associated with the object.

14. The system of claim 13, wherein the type of the
plurality of fused outputs includes a penetrable type and an
impenetrable type.

15. A system for detecting one or more objects based on
lidar data obtained from a lidar sensor of a vehicle, wherein
the lidar data corresponds to an ambient environment of the
vehicle, the system comprising:

one or more processors and one or more nontransitory
computer-readable mediums storing instructions that
are executable by the one or more processors, wherein
the instructions comprise:
generating a plurality of lidar inputs based on the lidar

data, wherein:

each lidar input from among the plurality of lidar
inputs comprises an image-based portion and a
geometric-based portion;

each lidar input from among the plurality of lidar
inputs defines a position coordinate of the one or
more objects; and

the image-based portion defines a pixel value asso-
ciated with the position coordinate and at least one
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of a light intensity value and a surface reflectance
value associated with the position coordinate;
performing, for each lidar input from among the plu-
rality of lidar inputs, a convolutional neural network
(CNN) routine based on the image-based portion to
generate one or more image-based outputs;
assigning the plurality of lidar inputs to a plurality of
echo groups based on the geometric-based portion;
concatenating the one or more image-based outputs and
the plurality of echo groups to generate a plurality of
fused outputs; and
identifying the one or more objects based on the
plurality of fused outputs.

16. The system of claim 15, wherein the geometric-based
portion defines the surface reflectance value associated with
the position coordinate.

17. The system of claim 16, wherein the plurality of echo
groups further comprise:

a first echo group associated with a first set of the plurality
of lidar inputs having a first surface reflectance value;
and

one or more additional echo groups associated with one or
more additional sets of the plurality of lidar inputs
having one or more additional surface reflectance val-
ues.

18. The system of claim 15, wherein the instructions for

assigning the plurality of lidar inputs to a plurality of echo
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groups based on the geometric-based portion further com-
prises performing, for each lidar input from among the
plurality of lidar inputs, an artificial neural network (ANN)
routine based on the geometric-based portion.
19. The system of claim 15, wherein the instructions for
performing the CNN routine based on the image-based
portion to generate the one or more image-based outputs
further comprise:
generating one or more bounding boxes, as the one or
more image-based outputs, based on the image-based
portion of the plurality of lidar inputs; and

determining an estimated object type associated with the
one or more objects based on the one or more bounding
boxes.
20. The system of claim 19, wherein the instructions for
identifying the one or more objects based on the plurality of
fused outputs further comprise:
selectively adjusting the one or more bounding boxes
based on a type of the plurality of fused outputs
associated with the one or more bounding boxes; and

classifying, for each object from among the one or more
objects, the object based on the estimated object type
associated with the object and a bounding box from
among the one or more bounding boxes, wherein the
bounding box is associated with the object.
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