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(57) Abstract: Example implementations may relate methods and systems for
detecting, recognizing, and localizing pallets. For instance, a computing sys-
tem may receive sensor data representing aspects of an environment, and iden-
tify a- set of edge points in the sensor data. The computing system may finite
determine a set of line segments from the set of edge points where each line
segment may {it to a subset of the set of edge points. Additionally, the com-
puting system may also filter the set of line segments to exclude line segments
that have a length outside a height range and a width range associated with
dimensions of a pallet template, and identify, from the filtered set of line seg-
ments, a subset Of line segments that align with the pallet template. Based on
the identified subset of line segments, the computing system may determine a
pose of a pallet in the environment.
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METHODS AND SYSTEMS FOR DETECTING, RECOGNIZING, AND
LOCALIZING PALLETS

CROSS-REFERENCE TO REALTED APPLICATION

{0001] This application claims prionity to U.S. Patent Application No. 15/494,227,
filed Aprid 21, 2017, the entire contents of which are herby incorporated by refercnce in its
entirety.

BACKGROUND
{0602} Commercial entities, such as manufacturers, wholesalers, and transport

businesses, often use warchouses to store ttems, such as raw materials, parts or components,
packing materials, and finished products. A warchouse can enable the organization of items
through use of pallets and pallet racks to store numerous pallets holding various items in a
manner that permits for easier access and efficient processing. As such, a warchouse may use
various types of pallets, which are tlat transport structures configured to hold items for
transportation by vehicles and other equipment operating in the warghouse.

HEEER] Traditionally, human operators may operatc machines, vehicles, and other
cquipment within the warchouse. For instance, a buman operator may navigate a forklift to
Lift and transport pallets between a delivery area and storage. However, with continucus
advancements in sensors, compating power, and other technologics, companies are switching
to autonomous and semi-autonomous vehicles for performing operations within warehouses
rather than relving on human operators.

SUMMARY

{0604] Example implementations relate to methods and systems for detecting,
recognizing, and localizing pallets, which mav involve a computing system utilizing sensor
data representing aspects of an environment from a sensor system to 1dentify data points that
likely represent edges of sorfaces in the environment. The computing svstem may further fit
a set of line segments onto sets of ideotified edge points and determine a subset of the set of
line segments that align with dimensions of a pallet template. Additionally, the computing
system may determine a pose of a pallet in the environment relative to the sensor using the

subset of line segments.

HEEERY In ong aspect, an example method is provided. The method may include
receiving, at a computing system from a sensor of a robotic device, sensor data representing
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aspects of an environment, and identifying a set of edge points in the sensor data. The
method may also include determining a set of line segments from the set of edge poinis. in
particular, cach line scgment may fit to a subset of the set of cdge points. The method may
further include filtering the set of line segments to exclude Iine segments that have a length
cutside a height range and a width range associated with dimensions of a pallet template.
The method may also inchude identifyving, from the filtered set of line segments, a subset of
linc scgments that align with the pallet template, and determining a posc of a pallet in the
envirgnment based on the identified subset of line segments.

HEEEY In another aspect, an example robotic device 1 provided. The robotic device
may include a sensor coupled to the robotic device and a control system configured to receive
sensor data representing aspects of an environment from the sensor, and identity a set of edge
points in the sensor data. The control system may also identify a set of line segments from
the set of edge points. In some instances, cach line segment is fit to a subset of the set of
cdge points. The control systern may also filter the set of line scgments to exclude line
segments that have a length outside a height range and a width range associated with
dimensions of a pallet template. The control system may also dentify, from the filtered set of
linc segments, a subset of linc segments that align with the pallet template, and determine a
pose of a pallet in the environment based on the identified subset of line segments.

{3007 In a further aspect, a non-transitory computer readable medium is provided.
The non-transitory computer readable medium has stored thercin instructions exccutable by a
computing system to cause the computing system to perform operations. The operations may
mehude receiving sensor data representing aspects of an environment from a sensor, and
wlentifving a set of edge points in the sensor data. The operations may also inchude
determining a set of line segments from the set of odge points. In some instances, cach line
segment is fit to a subset of the set of edge points. The operations may also include filtering
the set of line segments to exclade line segments that have a length outside a height range and
a widih range associated with dimensions of a pallet template. The operations may further
mchude wdentifying, from the filtered set of line segments, a subset of ine segments that align
with the pallet template, and determining a pose of a pallet in the environment based on the
wdentified subset of line segments.

HEER In vet another aspect, a system 1s provided. The system may include means for
detecting, recognizing, and localizing pallets in depth 1mages. In particular, the system may
mclude means for recetving sensor data representing aspects of an environment from a sensor

)
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of a robotic device, and means for identifving a set of edge points in the sensor data. The
system may alsc include means for determining a set of ling segments from the set of edge
points. In some mstances, cach line segment is fif to a subset of the set of edge points. The
gystern may further mchude means for filtenng the set of line segments to exclude line
segments that have a length cutside a height range and a width range associated with
dimensions of a pallet template. The system may additionally mclude means for identifving,
from the filtered set of line segments, a subset of line scgments that align with the pallet
template, and means for deternuning a pose of a pallet i the environment based on the
wlentified subset of line segments.

[B089] These as well as other aspects, advantages, and alternatives will become
apparent to those of ordinary skill in the art by reading the following detailed description,

with reference where appropriate to the accompanying drawings.

BRIEF DESCRIPTION OF THE DRAWINGS

{0019} Figure 1 is a block diagram of a system, in accordance with an example
embodiment.
{6011} Figure 2 depicts a svstem for operating one or more warchouses, in

accordance with an example embodiment.

[06012] Figure 3 illustrates a system, in accordance with an example embodiment.
[6613] Figure 4 illustrates robotic device architecture for ong or more robotic devices,
m accordance with an example embodiment.

{6614} Figure 5 illustrates laser scanner architecture for one or more robotic devices,

i accordance with an example embodiment.

{6615] Figure 6 shows an example autonomous fork truck near two pallets.
(016} Figure 7 15 a flowchart that shows an example method for detecting,

recognizing, and localizing pallets.

[6617] Figure 8A illustrates a visualization of edge points identified in sensor data by

a computing system, in accordance with an example embodiment.

[0018] Figure 8B illustrates a visualization of a set of line segments determined from

an identified set of edge points by a computing system, in accordance with an egxample

embodiment.

01 9] Figure 8C illustrates a visualization of a set of line segments filtered to

exclude line segments based on the dimensions of a pallet template by a computing svstem, in
3
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accordance with an example embodiment.
{6020 Figure 8D illustrates a visualization of a subset of line segments that align

with the palict template identified by a computing system, in accordance with an example

embodiment.

6021} Figure 9A illustrates an example pallet template.

[6022] Figure 9B illostrates another oxample pallet template.

{6623} Figure 10 is a flowchart that shows another example method for detecting,

recogmizing, and localizing pallets.

DETAILED DESCRIPTION
[6024] Example methods and svstems are described herein. It should be understood
that the words “example,” “exemplary,” and “tlustrative” are used herein to mean “serving
as an example, mnstance, or dlustration.” Any implementation or feature described herein as

>

being an “example,” being “cxemplary,” or bemg “iltustrative” is not necessarily to be
construed as preferred or advantageous over other implementations or features.

{6625] The example implementations described herein are not meant to be limiting, It
will be readiv understood that aspects of the present disclosure, as generally described
herein, and ilustrated i the figures, can be arranged, substituted, combined, separated, and
designed m a wide varety of different configurations, all of which are explicitly
contemplated herein,

L Overview

10026} A robotic device also referred to herein as vehicle, robot, robotic system,
device, etc., mayv perform various operations within a warchouse or another type
environment. For instanee, an example robotic device may be a forklift configured to Lift and
move pallets 1o the space. Many situations that occur within a warchouse or sinular setting
may require robots to precisely navigate to enable safe and efficient transportation of a pallet.
To illustrate, a forklift may need to accurately measure the pose of a targeted pallet m the
environment to be able to successfully insert its tines into the pallet’s pockets without
damaging the pallet or the items positioned on the pallet.

{80627} In practice, various methods may be used to locate a pallet. Some methods
may require robots 1o be able to operate within a highly structured environment since the
structure of the environment allows each robot to utilize knowledge about precise locations of
pallets when performing operations.  In such an environment, a robot may receive

4
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mstructions that specify both the location of a targeted pallet {e.g., a pick up location} and the
drop off location for the pallet. A highly structured environment. however, ofien requires
maintenance that is logistically difficult to preserve, especially when numerous vehicles are
performing operations in a dynamic manner. By relyving on knowledge of the structure of the
environment, a robot often may be limited 1n the amount of operations that 1t can perform.
Further, in some situations, it may be advantageous to deploy robots in an unstructured
environment and still have the robots safely and efficiently locate and transport pallets.

[6028] Example implementations for detecting, recognizing, and localizing pallets
described herein may enable the detection of pallets without reliance on prior knowledge of
the structure of the environment. More specifically, some implementations presented herem
aim to enable a computing system to uiilize sensor data representative of a robot’s
environment in order to determine the pose of a targeted pallet (1o, the position and
orientation of the targeted pallet within the environment). After determining the pose of a
targeted pallet, the computing system may develop a control strategy that can cnable the
robot {o properly engage and ifi the pallet regardiess of whether the pallet is located in a
structured or unstructured environment.

[0029] Examples may involve a computing system inttially acquinng sets of sensor
data depicting an environment from a robot’s sensor system, which may include various tvpes
of sensors, such as depth sensors {(¢.g., 3D camera), RADAR, and LIDAR. For mstance, a
computing system may analyze sensor data in a point cloud where data points represent the
positions {e.g., height, distance) of object’s surfaces in the environment relative to the robot.
The computing system may analyvze clusters of data points in the point cloud to determine
mformation regarding the surface(s} that the data points were measured from, including
determining a position, height, and distance away of the surface(s). Similarly, the computing
system may receive sensor data m the form of depth wmages that contain pixels (e.g., data
points) that indicate the distances and heights of measured surfaces relative to the robot’s
SENSOr systen.

{6630] In further cxamples, the robot’s sensor system may provide additional
mformation that can supplement the point cloud data, such as color images with pixels
conveying differences in color among the different surfaces in the environment. As such, the
computing system may be configured to use incoming sensor data to identify data points that
bikely are edge points, 1.¢., data poinis in the sensor data that likely represent edges of

surfaces 1n the environment.
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{8031} In some implementations, the computing svstem may be configured to
perform one or multiple pre-processing operations on incoming sets of sensor data to help
facilitate a subsequent cdge pomnt identification process. For mstance, an example pre-
processing operation may involve the computing systemn determining the local surface
normals of one or multiple clusters of data points. In particular, a local surface normal of a
chuster of data points may mdicate a vector perpendicular to a surface that is represented by
the cluster of data points. For example, the local surface normal for a cluster of data points
measured from a flat, ground surface is directed wpward. The local surface normal can
provide mformation regarding changes m the structure of a surface. Other examples of pre-
processing operations can include the computing system determining the curvature and/or
covariance of clusters of data pomis in the sensor data. The computing system may use the
curvature and covarance to identify convex and concave edges where different surfaces in
the environment meet without depth discontinuities.

{0032] In some examples, the computing system may determine the curvature and the
covanance of data points by selecting a data pont and finding local neighborhood points of
that data point {e.g. a cluster of swrrounding data points).  For instance, the local
neighborhood of data points around a given pout may include all data points within a certain
radius from the selected data point. The computing systems may further perform an Figen
value decomposition where Eigen vector corresponding to the smallest Eigen value 15 used as
an approximation of the surface normal for the selected data point. The computing system
may further fit a plane through the local neighbothood of data points and use the plane
normal as the normal for the selected data point.

{6633} As part of potential pre-processing operations, the computing system may
remove some data points from a sct or sets of incoming sensor data based on the amplitudes
of the data points. Cameras or other types of sensors may measure the distance to points by
the time (or phase) difference between an emitied and received light pulse (or wave}. In
particular, the amplitude of a data point may indicate the “strength”™ of the received signal,
r.e., the amplitude mav indicate how reflective a measured surface is. Darker surfaces may
appear darker than lighter surfaces 1 the above measurements. For instance, a highly
reflective surface will likely appear brighter.  As such, the computing system may filter
meoming sets of sensor data based on amplitudes or strengths of reflectivity of data poinis
within the sensor data. For mstance, the computing system may remove data points with
amplitude values less than a mintmuom amplitude threshold (@mn) or greater than a maximum

6
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amplitude threshold {@ma) (1., cutside a desired amphitude range). The computing svstem
may remove data points with amplitude values less than @a.. since those data points may not
have a measurcd strength that allows clear analysis. Similardy, the computing system may
remove data points with amplitude values greater than gme. since those data points may
reflect off too highly of a reflective surface that likely do not represent portions of a targeted
pallet.

{0034] Additionally, in some cxamples, a computing svstem may also filter data
points based on the heights of the data points (e.g., the value of the data points in the 2" in
the Cartesian coordinate svstem). In particular, the height of a data point may represent the
distance of the data point above a reference plane (¢.g., a ground surface). The computing
system may be configured to filier data points in sets of sensor data based on the data pomts”
heights based on the typical use of pallets, which are usually flat, clongated structures often
positioned on the grovnd and holding ttems on top.  Since the computing system may be
configured fo estimate the presence of pallets at certain heights, the computing system may
remove the data points that have heights less than a minimum height threshold (B} or
greater than a maximum height threshold (fie) (1e., heights outside a desired height range)
since these data points likely do not represent portions of a targeted pallet. The munimum
height threshold (f...) may be used to remove data points that bikely represent the ground
surface from other data points having higher heights that likely represent objects, such as the
targeted pallet, items positioned on the pallet, ete. Sinularly, the maximum height threshold
{fimax) may be used to remove data points that are positioned at a height above the ground that
the pallet hikely would not be positioned since a targeted pallet may ikely be a flat structure
positioned on the ground. By removing data points that were measured from surfaces
positioned at certain heights that likely do not correspond to a pallet. the computing svstem
may perform edge point identification on less edge points overall and use less computational
resources and time.

[6035] As mdicated above, the computing system may be configured to process
mcoming sensor data in order to identify data points that arc likely edge pomnts (c.g.. the
borders of surfaces m the environment). In some examples, the computing system may
wlentify edge pomts v sets of sensor data using a Canny edge detection process or other
available edge identification processes. A Canny edge detection process may involve a
multi-step process to utilize sensor data configured in gray scale image format and produce

an image that shows the positions of measured mtensity discontinuities {e.g., interniptions in

7
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the structure of a surface or surfaces in the environment). The Canny cdge detection process
or other potential processes may enable the computing svstem to analvze incoming sensor
data and identify edge points that likely represent edges of object surfaces. fn some
examples, the computing sysiem may utilize additional mformation during edge pomt
wdentification, such as color wformation. For instance, when the computing system receives
color images depicting the environment, the computing system may process the color images
by converting the color images mto gravscale images prior to performing a Canny edge
detection process on the grayscale images.

{8636} In another implementation, the computing system may identify edge points by
examining local neighborhoods of data points (c.g., clusters of data points) and marking the
data points as belonging to an edge if the distance {or difference) m the depth-coordinates
gxcecds a threshold max distance (duwee). The computing system may analyze clusters of data
points {¢.g., local neighborhood of a selected data point} or gradient images and measure for
large changes. 1o particular, data points on the same surface may likely have similar distance,
curvature, and nommal onentation (small angle between normal}.  Simularly, the computing
system may analyvze gradients for changes. For instance, two perpendicular walls may
convey similar differcnees and gradients evervwhere except where the two planes intersect.
As such, the computing system mayv analyze for these tvpes of changes to find data poinis
measured from edges between two surfaces.

[6637] In some cases, the computing system may identify data points as edge points if
the data points arc within a local neighborhood of data points with considerably different
surface normal orientations (e.g., large angle between different normals) or if the local
curvature exceeds a maximum threshold curvature {Cme). The different surface normal
oricutation and/or local curvature can assist the computing system to identify changes in
measured surfaces that likely result from measurements of one or multiple edges of the
surfaces. The curvatore may correspond to measurements of how hikely a data point is an
edge point. For instance, the curvature may indicate how large the local surface(s} arcund the
data point change. As such, the computing svstem may be configured to adjust the thresholds
used to assist in edge point identification within examples. In an example implementation,
the computing system may wdentify an edge point by computing the angle between two
surface normal and determining that the angle is large {e.g., exceads a threshold angle}. The
computimg system may further analvsis differences in neighborhoods of data points to
account for noise. For nstance, a plane further away from the sensor may express large

8
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angles between normal due to noise in the distance measurements.

{0035} After identifying edge points in incoming sets of sensor data, the computing
systermn may be configured to fit line scgments 1o sets of edge points in a manner that resulis
m cach line segment fitting to a subset of the set of edge points. In some cases, the
computing system may determine that a line segment fits a set of edge points by performing
an iterative process. For example, the computing system may sample two points (e.g.. point p
and pomnt ¢} from the identified cdge points and determine a potential line model that extends
between the points. The line model, for instance, may be represented by a position vector p
corresponding to sample point p and a difference vector ¢ — p determined via a difference
between point ¢ and point p. After determining the potential line model, the computing
system may analyze the distances of other edge points from the line model in order to identify
edge points that are positioned within a threshold distance from the line model. Further, after
wdentifving the line mode] that vields the largest number of mlier data points, the computing
system may use all the mlier data points to further refine the line model by fitting a line to all
the inlier data points. In effect, the computing system may associate edge points positioned
nearby the line model (1.e., within the threshold distance) as part of the hne model and further
determine that the line model likely represents an edge of an object’s surface in the
envitonment. For instance, the computing system may be configured to determing line
models that maximize the number of inlier data points fitting cach line model. The
computing system may repeat the above process to determine a set of line segments that fit
various sets of edge points in the sensor data.

{6633} As indicated above, the computing svstem may perform the process numerous
times in order to determine a set of line segments that fit the different clusters of wentified
cdge pomnts. While performing the process, the computing system may be configured to
remove edge points associated with a determuned line segment from the set of candidate edge
points that may be analyzed to determine additional line segments. The computing system
may continue to use and modify the set of candidate edge points uniil the computing system
1s unable to deternmine any more line segments {¢.g., not enough edge points available).

[0040] In some example implementations, the computing svstem may be configured
to filter the set of determined line segments to exclude any line segment that has a length
outside a height range and a width range associated with dimensions of a pallet template.
The computing systern may filter the line segments based on the dimensions of the pallet
template to remove hine segments that have lengths that indicate the line segments are likely

g
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not measurements of the targeted pallet i the enviromment. For instance, the computing
system may filter the set of line segments to remove ling segments that are too short or too
long to represent a pallet’s edge, such as borders extending along the face ot the pallet (e .g..
front portion of the pallet) or mmer pockets of the pallet. In further examples, the computing
system may determine an orientation of a given line segment (e.g., vertical or horizontal
orientation) i the set of line segments and then compare the length of that line segment to
cither the height range {c.g., center or side vertical dimensions of a pallet template) or the
width range (e.g., top or bottom honzontal dimensions of the pallet template} depending on
the determined orientation of the line segment. For instance, the computing system may
corpare a vertically-oriented hine scgment to a range that is based on the vertical dunensions
of the pallet template to determine whether to remove the line segment.  Similarly, the
computing system may compare a horizontally-oriented line segment to a range that is based
on the width dimensions {¢.g., width of pallet and width of pockets) of the pallet template tc
determine whether to remove the hine segment.

{6641} In some examples, the computing system may be configured to compare line
segments using ranges associated with one or more pallet templates that have some error
tolerance. For tnstance, the width range may be the width of one or more pallet temaplates
plus or minus a fixed crror tolerance. Similarly, the height range may be the height of one or
more pallet templates plus or minus a fixed error tolerance.

[042] To finalize locating the targeted pallet in the environment, the computing
system may identity, from the filicred sot of line segments, a subset of line segments that
align with the pallet template. The computing system may be configured to compare ong or
multiple palict templates to the filtered set of line segments in order to identify line segmenis
(if anv} that cxpress a relationship that appear to represent the front face of a paliet. In some
examples, the computing svstem may use an lHerative Closest Point process or other
registration process(s} to match points of a pallet template to points of a subset of the line
segments. For nstance, during an iteration of the process, the computing system may aim 1o
minimize the difference between data points of the line segments and points positioned along
the dimensions of the pallet template. The computing system may use a non-linear
registration process that may determine a 3D position (e.g., 18 the pallet on the ground or a
shelf), and a 2D rotation oo the plane on which the robot is navigating,

[(043] At this point, the computing system may use the subset of hine segments to
determing a pose of the targeted pallet in the environment, which may mdicate the position

10
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and orientation of the pallet relative to the robotic device. In some implementations, the
computing systera may provide the pallet’s pose to the robot’s control system, which may use
the pose to determing a control strategy for the robot. For instance, the control system may
cause the robot to change orientation and/or position relative to the pallet prior to further
causing the robot to engage and lift the palict. In another example, the computing system
may develop a control strategy for the robotic device using the pallet’s pose. As a result, the
computing svstem may provide mstructions to the robot’s control system to execute in order
to complete the deternuned control strategy .

{0044] In a further example, the computing system may also determine a confidence
based on the alignment between the subset of line scgments and the dimensions of the pallet
template. In particular, the computing system may determine a higher confidence when the
alignment signals that the subset of line segments match accurately with the dimensions of
the pallet template. The computing system may be configured to proceed to determine a
control strategy and/or relay the pallet’s pose to the robot’s control system when the
confidence level 1s high. On the other hand, a low confidence may arnise when the alignment
signals that the subset of lme segments do not fit accurately with the dimensions of one or
maore pallet templates. For instance, the line segments may not match the model dimensions
associated with a pallet template {e.g., the pallet template is munimally wider, longer, or
shorter). If this is the case, the computing system may be configured to repeat the process in
order to attempt to determine line segments that more accurately align with the pallet
template. The computing svstem may also determine a lower confidence when the subsct of
kne segments and pallet template match well, but the registration or alignment places the
subset of line segments minimally off the correct pose of the pallet. The computing system
may measure overlap between the pallet template (transformed with respect to the pose of the
pallet } and the actual scene of the pallet recorded by the camera. If the pose or the
dimensions of the pallet differs, the resulting confidence may be lower. In some cases, the
computing system may attempt to use different pallet templates to maich points of the pallet
templates to a subset of determined line segments after determining a low confidence during
a pose determination given process. The computing system may determine data points from
the pallet template match points of the line segments when the threshold distance between are
below a threshold distance.

HR System Desion for Robotic Devices

[0045] Figure 1 is a block diagram of system 100, in accordance with an example
i
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embodiment. System 100 includes planning system 110 and robotic device 120. Planning
systern 110 can include offboard planner 112 that can coordinate motions of one or more
robotic devices operating in an enviromment. Offboard planner 112 may include roadmap
planner 114 such that offboard planner 112 and/or roadmap planner {14 may generate one or
more asynchronous paths 116 for a robotic device (e.g., robotic device 120} to follow in an
environment,

{0046] A roadmap graph, prototype graph, or other roadmap representative of an
enviromment, sach as prototype graph 300 discossed below in the context of Figure 3, can be
received, determined. or otherwise provided to planming system 110, offboard planner 112
and/or roadmap planner 114, Asyonchronous paths 116 can be one or more paths developed
based on one or more of the roadmap graph, prototype graph, or other roadmap. For example,
if the roadmap graph, prototvpe graph, or other roadmap has a plurality of edges that connect
a plurality of intersections, asynchronous paths 116 can be specified m terms of the plurality
of edges and/or the plurality of intersections.

10047} In some examples, robotic device 120 can be anv one or more sicered
vehicle(s) capable of following a path. For example, robotic device 120 can include onboard
software 130 andfor hardware 150. OUnboard software 130 can wmclude one or more of
localization subsystem 132, obstacle detection subsystem 134, odometry subsystem 136,
path-following subsystem 138, and trajectorv-following subsystem 142, As sach, onboard
software 130 may include additional software systems in other examples.

{6048} Localization subsystem 132 reprosents a system capable of localizing a robotic
device. In other words, localization subsystem 132 may enable location determination of the
robotic device with respect to an environment. For mstance, localization subsystem 132 can
generate position estimates of the robotic device and/or other objects that can be used to
localize the robotic device and assist the robouc device in following a desired path {¢c.g.,
asynchronous paths 116}, and/or assist the robotic device m following a trajectory {¢.g.,
trajectories 140}, Once the position estimates are generated, localization subsystem 132 can
provide the position estimates to path-following subsystem 133,

{0049} An asynchronous path, or path for short, can be a time-invariant plan or other
mformation mdicating how robotic device 120 may travel from a starting point (8P} to an
ending point (EP); 7.e., an {asynchronous) path does not take time into account. In contrast, a
trajectory can mclude values of a steering angle and of traction motor velocity that robotic
deviee 120 can follow for a planning time interval.
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{0050 The planning time nterval can be a duration of time during which a robotic
device is guided, or planned, to follow a path, route, and/or travel. In some embodiments, the
planping time interval can be a predetermined amount of time; e.g., five scconds, one second,
0.2 seconds, 0.1 seconds. In particular, a predetermined planning time interval can be
determined based on a user input that specifies a value for the planning time mterval. In other
embodiments, the planning time interval can be determined based on one or more other
values; e.2., a stiich time, a time associated with a uniform edge {or path) cost, an estimated
time to travel along a trajectory. Other technigues for determining the planning time nterval
and values for the planning time nterval are possible as well,

{6051} Then, one or more trajectorics can be used to describe how robotic device 120
can travel from starting point (5P} to an ending point (EP) in a time-variant manner. In some
embodiments, a trajoctory can also provide mformation about values of other variables than a
steering angle and a traction motor velocity over the planning time interval, such as, but not
limited to, other kinematic variables {(e.g., velocity and acceleration) of robotic device 120,
and actuator posttions of robotic device 120,

{8052} As an example, a path to drive a car from a location “home” to a location
“work” may nclude an ordered listing of strects that a control entify, such as a person or
control device of an autonomous vehicle, can use to drive the car from home to work. In this
example, a trajectory from home to work can involve one or more instructions specifying
velocity and/or acceleration that the control entity can use to drive the car from home to
work. In some examples, the trajectory can take traffic, obstacles, weather, and other time-
sensitive conditions into account; e.g., the trajectory to go from home to work can indicate
that the control entity “tum right for 10 seconds at 20 MPH or less”, “accelerate to 35 MPH
and drive straight for 3 minutes”, “slow to 20 MPH within 30 seconds”, “turn left for 10
seconds at 20 MPH or less”, ete. In some embodiments, the trajectory can be changed along
the way. ¢.g., to account for obstacles, changes in path, ctc.

[6053] Obstacle detection subsystem 134 can determine whether one or more
obstacles are blocking a path and/or a trajectory of robotic device 120. Examples of these
obstacles can include, but are not timited to, pallets, objects that may have fallen off a pallet,
robotic devices, and human operators working in the environment. If an obstacle is detected,
obstacle detection subsystem 134 can provide ong or more communications indicating
obstacle detection to path-following subsystem 138, The one or more communications
mdicating obstacle detection can mclade location mformation about one or more positions of
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one or more obstacles detected by obstacle detection subsvstem 134 and/or identification
mformation about the one or more cbstacles detected by obstacle detection subgystem 134
Odometry subsvstem 136 can use data, such as data from servo drives 152, to estimate one or
more changes in position of robotic device 120 over time.

[6054] Path-following subsystem 138 and/or trajectory-following subsystem 142 can
act as a planner aboard robotic device 120, This onboard planner can follow one or more
paths, such as asynchronous paths 116, based on position cstimates provided by localization
subsysiem 132,

{8655] Path-following subsystem 138 can receive asynchronous paths 116, position
cstimate inputs from localization subsystern 132, location information about one or more
posttions of one or more obstacles from obstacle detection subsystem 134, and/or information
about ong or more changes in position from odometry subsystem 136, and generate one or
morg trajectories 140 as outputs.

{06656] Hardware 150 can include servo drives 152 and/or motors 154, Servo drives
152 can include one or more servomechanisms and related electrical equipment. In some
examples, servo drives 152 can include one or more electronic amplifiers used to power the
onc or more scrvomechanisms and/or to monitor feedback signals from  the
servomechanism{s). Servo drives 152 can receive control signals, such as trajectories 144,
from onbgoard software 130, and can provide electric current to the servomechamism(s) to
produce motion proportional o the control signals. In some embodiments, servo drives 152
can comapare status information received from the servomechanism(s) with an expected status
as commanded by trajectories 144. Then, servo drives 152 can adjust a voltage frequency or
pulse width of the provided electne current to correct for deviations between recetved status
mformation and an expected status. In other crabodiments, servo drives 152 can provide
mformation, such as the feedback signals and/or location-related mformation, to onboard
softwarg 130

[6057] (ue or more motors 154 can be part or all of the servomechanism(s} of serve
drives 152. For cxample, motors 134 can use the electric current provided by servo drives
152 to generate mechanical force to drive part or all of robotic device 120; e.g., motors 154
can provide force to propel robotic device 120 and/or drive one or more effectors of robotic
device 120.

{058 Path planning of robotic devices within an environment, such as an
environment that includes indoor settings, such as a warchouse, office building, or home,
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and/or outdoor settings, such as a park, parking lot, or vard, can be performed with respect to
a roadmap graph, which is a connected graph of paths that agents, such as robotic devices,
may follow. Using roadmap graphs to plan agent routing within the covironment rather than
taking a free-space approach can reduce a total planning state space and so making large-
scale multi agent coordination tractable. Further, the use of roadmap graphs can enable
operators to intuitively control areas in which robotic devices are allowed to navigate.
{0059] Roadmap graph gencration can first involve generation of a prototype graph,
which indicates the rovgh position of lancs and directions of travel. In some examples, a
prototype graph can be a directed graph that indicates lanes and directions of travel of robotic
devices. In other exaraples, a prototype graph can be gencrated manually based on a map or
drawing of the environment.
[3868] Figure 2 depicts system 200 for operating one or more warchouses, m
accordance with an example embodiment. System 200 inchides warchouse management
system 210, planming svstem 1190, and robotic device 220. Warchouse management system
210 can recetve one or more logistics requests 212 associated with the warehouse; e.g,
requests to store one or more items in the warehouse and/or requests to ship one or more
items from the warchouse. Warchouse management system 210 can translate logistics
requests 212 into one or more actions 214, where actions 214 can include, but are not imited
to, a “move-to” action to move one or more designated agents to one or more designated
locations, and a “transport” action to carry one or morg Hems (o one or more designated
locations. In some examples, actions 214 can include go-to commands of the form {agent 113,
destination}, but other actions are possible such as “move pallet”. These are tvpically
decomposable into move-to commands, however {move to pick location, move to place
location).
{0061 Planning system 110 includes offboard planner 112 and executor 220
Offhoard planner 112 can receive actions 214 as inputs and generate one or more coordinated
paths 216 for one or more agents operating in a warchouse; e.g., multiple robotic devices, to
carry out actions 214, Coordinated paths 216 can be part of a coordinated action plan for all
agents in the warchouse to fulfill logistics requests 212, The coordinated action plan can take
precedence of agents into account; e.g., if robotic devices RD1 and RD2 are both expected to
reach a point at approximately the same time, one of the robotic devices can have precedence
or priority over the other, such as robotic device RD 1 waiting for robotic device RD2 to pass
through the point {or vice versa). Executor 220 can receive coordmated paths 216 and
15
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generate non-conflicting sub-paths 222 to direct robotic device 120 in accomplishing its part
of the coordinated action plan to carry out actions 214 to fulfill logistics requests 212,

[0062] As illustrated above in Figure 2, plaoning system 110, which includes
oftboard planner 112 and executor 220, can communicate with robotic device 120, In some
embodiments, the robotic device can be a fork truck; for example, any Occupational Safety
and Health Administration {OSHA) Class 1 or Class 3 powered industrial truck. In other
embodiments, planning system 110 can ncludes software that execuies using one or more
networked computing devices located i the "cloud” {e.g.. one or more networked computing
devices) and/or located somewhere on a premises co-located with robotic device 120,

[0063] Figure 3 illustrates a svstem 300 that meludes logistics interface 310,
warchouse management system 210, and one or more robotic devices 120 connecied using
network 318, i accordance with an example cmbodiment. Logistics interface 310 can
provide mventory task instructions to warchouse management system 210 via network 318
regarding movement of objects, such as pallets, and/or robotic devices to warchouse
management system 210, An example mventorv task can be to move pallet A contaiming
ttems of type B to location C.

[B064] Warchouse management systemn 210 can receive the inventory task
mstructions from logistics interface 310 and generate one or more task / mussion instructions
{e.g., an instruction to robotic device A 1o move pallet B from location C to location D)
and/or plans for controlling robotic device(s} 120 to carry cut the mventory task nstructions.
The task / mission mstructions and/or plans can include information about one or more paths
and/or one or more trajectories, where the task / mission instruction(s), plan(s), path{s} and
trajectory/trajectories are generated by planning system 110 of warchouse management
system 210 using the techniques discussed in the context of FIGS. 1 and 2.

[0065] For example, warchouse management system 210 can be a centralized control
service running on and storing data using one or more computing devices, e.g., server
computing devices. To perform these tasks, warchouse management systerm 210 can include
WMS niuddleware and can provide a user mterface to provide aceess to tools for monitoring
and managing system 300, The WMS nuddleware and/or other components of warchouse
management system 210 can use one or more application programming interfaces {APIs},
such as protocol conversion APls for conversion between task / mission instructions {e.g., an
mstruction to robotic device A to move pallet B from location € to location D) to robotic
device paths, poses, and/or trajectories; conversion between inventory tasks and task /

16

SUBSTITUTE SHEET (RULE 26)



WO 2018/194765 PCT/US2018/022358

misgion instructions; and conversions between APIs.
{0066} The user interface provided by warchouse management system 210 can
provide one or more user interface functions for system 300, including, but not hnted to:
monitoring of robotic device(s) 120, e.g, presenting data related to location, battery status,
state of charge, etc. of one or more robotic devices, enabling generation and sendimg of
myentory task instruction{s). task / mission instruction(s}, plan{s), path{s) and/or
trajectorv/trajectories to one or more of robotic device(s) 120; and reviewing, updating,
deletion, and/or insertion of data related to one or more warchouse maps, pallets, networks,
and/or planning systems (e.g. planning system 110, warchouse management system 210,
and/or logistics interface 310},
(3067 In some embodiments, warchouse management system 210 can route
commumnications between logistics mterface 310 and robotic device(s) 120 and between two
or more of robotic device(s) 120 and manage one or more onboard systems, such as onboard
system 320 aboard one or more of robotic device(s) 120, In other crabodiments, warchouse
management svsiem 210 can store, generate, read, write, update, and/or delete data related to
system 300, such as, but sot limited to: data regarding completion of a task / mission
mstruction by one or more of robotic device(s) 120; data regarding locations and/or poses of
some or all of robotic device(sy 120, mcluding data indicating a location where a robotic
device was nitialized / booted; data related to one or more audit trails for human actions,
meident analvsis, and/or debugging. and data for state tracking. In other embodiments,
warchouse management system 210 can include a central message router/persistence manager
that communicates with robotic device(s) 120 and one or more adapters. Each of the one or
more adapters can provide access to data and/or communications of systemn 300 available to
warchouse management system 210, and can include, but are not hinited, to: a user interface
service adapter for the above-mentioned user mmterface, a web content service adapter
enabling World Wide Web (WWW) / Intemet access to mformation about system 300, a
message proxy adapter and/or a WMS adapter to act as intermediarics between
communications between APls and/or the WMS.
{0668} Figure 3 shows that cach of the one or more robotic devices 120 can include
one or more of onboard system 320, network switch 330, vehicle controller 332,
programmable logic controller (PLC) 334, onc or more device sensors 338, and one or more
drives 340.
[3069] Ounboard system 320 can be a computation and sensor package for robotic
17
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planning configured for installation nto and use with robotic device 120, where onboard
systern 320 can include onboard sensors 322 and one or more planning/execution processors
324, Figure 3 also shows that onboard system 320 that is configured to use network switch
330 at least to communicate with planming system 110 {(via network 318), with device sensors
338, and/or with one or more actuators of robotic device 120.

{6670] (uboard system 320 can be responsible for one or more of: localization of
robotic device 120, generation of local trajectories to carry out plans and/or travel along paths
and/or trajectories provided by warchouse management system 210, generation of commands
to drives 340 to follow one or more {local) trajectories, generation of commands to condrol
actuator(s) of robotic device 120, and reporting pose, status and/or other information to
warchouse management system 210,

{60671} Ounboard sensors 322 can include one or more navigation lasers, laser
scanners, cameras, and/or other sensors for navigating and/or controlling onboard system
320. For example, a robotic device of robotic device(s) 120 can include one or more laser
scanners, such as one or more laser scanners provided by SICK AG of Waldkirch, Germany,
HOKUYQO AUTOMATIC CO. LTD of Osaka, Japan, and/or KEYENCE CORPORATION
of Osaka, Japan. The laser scanners can be used for obstacle detection and/or avoidance along
a direction of travel of the robotic device as well as along the sides. comers, and/or back of
the robotic device. The laser scanners can also be used to localize the robotic device using
reflector-based localization. In some embodiments, cameras and/or other sensors can be used
for obstacle detection, obstacle avoidance, and/or localization instead of or along with the
laser scanners.

16672} Planning/execution processor(s) 324 can include one or more computer
processors connected at least to onboard sensors 322, Planning/execution processor(s) 324
can read data from onboard sensors 322, generate local trajectories and/or commands to
drive(s) 340 to move robotic device 120, and commumicate with warchouse management
system 210. A local trajectory can be a trajectory where robotic device 120 staris at a starting
posc and reaches an ending posc at some time. In some ¢xampies, the starting pose can be
mplicitly specified; e.g., the starting pose can be a current pose of robotic device 120 and so
the local trajectory be based on an assumption that its starting pose s the current pose of
robotic device 120.

[073] Planning/execution processor(s) 324 can utilize a component tramework. The
component framework can be a multi-threaded job scheduhng and message passing system
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built on software Libraries for input/output (3/0} and signahing configured to provide a
consistent asynchronous mode! of robotic device 120, such as the “boostasio” and
“boost:signals?” software libraries provided by boostorg of Onancock, Virginia. The
component framework can enable communication between softiware components {or
modides} so that the software components can be executed in parallel in a thread safe manner.
[6674] The component framework can include one or more of a state machine
component, a localization component, a planning component, and a trajectory following
component. The state machine component can manage a state of robotic device 120 for
vehicle mitialization, vehicle commanding and fault handling. The state machine component
can usc a deterministic finite awtomaton or other state machine to manage the state of the
robotic device.

[8075] The localization component can read data from vehicle sensors and ntegrate
prior state information of robotic device 120 to determine a pose of robotic device 120. The
vehicle sensor data may be indicative of one or more landmarks/points of miterest detected by
the vehicle sensors. Altematively, the data from the vehicle sensors may require processing
such that the localization component detects the one or more landmarks/points of interest
based on the vehicle sensor data. The pose can be determined relative to the one or more
detected landmarks/points of interest, such as pallets or other objects. The planning
component can receive one or more objectives from warchouse management system 210 and
determune a local trajectory for robotic device 120 to achieve those objectives. In some
embodiments, the local trajectory can be a short-term trajectory that robotic device 120 1s to
follow for a predetermined amount of time; e.g, 100 milliseconds, 200 milliseconds, 500
smutliscconds, 1 second, 5 seconds. The trajectory following component can receive the local
trajectory generated by the planning component, and gencrate drive control instructions to
travel along the local trajectory. The drive control mstructions that are then relaved to drives
340 that control a traction motor and other actuators for robotic device 120.

[6676] Metwork switch 330 can enable communications for robotic device{s) 120
These comnmunications can include, but are not limited to, communications between onboard
system 320 and the rest of robotic device 120; e.g, dovice sensors 338 and dnives 340, and
communications with warchouse management system 210 via network 318. For esample,
network switch 330 can enable Transmission Control Protocol/Internet Protoco! (TCP/IP)-
based commumcations over Ethernet and/or other wireline communications interface(s) to a
wireline network and/or over Wi-Fi™ and/or other wireless communications mnterface(s) to a
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wirgless network, such as a PLANET Ethernet Switch by PLANET Technology Corporation
of New Tatper City, Taiwan.

{6077} In some embodiments, communications between robotic device(s) 120 and
planning system 110 can include remote procedure calls (RPCs). The remote procedure calls
can allow invocation of software procedures, methods, and/or functions resident on one or
morg of robotic device(s) 120 by software of planning system 110 and vice versa. The remote
procedure calls can be based on a communications protocol, such as TCP/IP, a HyperText
Transfer Protocol (HTTP} such as HTTP 1.0 and/or HTTP 20, and/or another
communications protocol. Some or all of the remote procedure calls can nclude encrypted
data; such data may be encrvpted using the Secure Sockets Layer (88L), Transport Layer
Securtty {TLS), and/or one or more other encryption algorithms and/or protocols. In
embodiments where encrypted data ts used, one or more certification authorities, such as a
private certification authority, can auwthenticate one or more certificates used m encrypting
and/or decrypting the encrypted data. A certificate authority can use an access condrol list
{ACL) to conirol access to the one or more certificates. The remote procedure calls can use a
request/response  protocol and/or a bidirectional streaming protocol for RPCerelated
communications. In embodiments where the bidirectional streaming protoco! is used for
RPC-related communications, a single long-lived RPC can be used to mpiement the
bidirectional streaming protocol.

{0078] Vehicle controller 332 and/or programmable logic controller 334 can provide
clectrical and sensor management functionality for robotic device(s) 120. The clectrical and
sensor management functionality can inchude, but 18 not himited to, fonctionality for electrical
lvad control, lighting control, sensor control, sensor and/or switch signal processing, and
power management. Vehicle master 336 can provide functionality for controlling one or more
actaators, such as litt devices, of robotic device(s) 320.

[60679] Device sensor(s} 338 can include one or more sensors that can provide data
related to controlling and/or operating robotic device(sy 128, The data can provide
mformation about an environment about robotic device(s) 120, such as but not lunited 1o,
localization information, position ¢stimates, and mapping data. For example, device sensor(s)
338 can mclude one or more lasers {e.g. two-dimensional (2D} lasers, safety lasers, laser
scanners), cameras {e.g., Time-of-Flight (ToF) cameras, Red-Green-Blue (RGB) cameras,
thermal cameras), electrical sensors, proximity sensors, navigational devices, and location
SENSOTS.
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{0080] Drive(s) 340 can include one or more drive controllers and/or actuators that
provide functionality for moving robotic device{s) 120. The drive controllers can direct the
drive actuators to control movement of robotic device(s) 120. The drive actuators can include
one or more traction motors, electric drives, hydraulic drves, and pneumatic drives.

60681 Figure 4 illustrates robotic device architecture 400 of robotic device{s) 120,
accordance with an example embodiment. Robotic device architecture 400 of robotic
device(s) 120 can include software. The software can include software for localization 410,
software for a pallet pose estimator 412, software related to state machine 414, software for
plamner follower 416, software for component framework 420 and software for operating
systermn 430. The software can be executed by one or more hardware planning/cxecution
processors 324, Communications between robotic device(s) 120 and other devices can be
carried out using network gateway 440 and/or network switch 330, For example, network
gateway 440 can be used for wireless communications with and within a robotic device of
robotic device(s) 120 and network switch 330 can be used for wirchine communications with
and within a robotic device of robotic device(s} 120. Robotic device archutecture 400 also
mechudes additional hardware such as device sensor(s) 338 and drive(s) 340 discussed above
i the context of Figure 3. In some embodiments, robotic device architecture 400 can include
one or more cameras, mcluding but not himiated {o, ToF camera 450 and RGB camera 452,
where the one or more cameras can include ong or more still cameras and/or one or more
video cameras.

{6682} Figure 5 illustrates laser scanner architecture 500 for robotic device(s) 120, in
accordance with an example embodiment. In some embodiments, some or all of device
sensor(s) 338 can be lasers and laser scanners illustrated by laser scanner architecture 500
[6083] Laser scanner architecture 500 can include lasers 510, 512, 520, 522, laser
scanner 324, protocol converter 326, network switch 330, and onboard systern 320. Lasers
510, 512, 520, and 522 can be located at fixed positions of robotic device(s) 120; for
example, laser 510 can be located at the front of a robotic device, laser 512 can be located at
the rear of the robotic device, laser 320 can be located at a front left corner of the robotic
device, and laser 522 can be located at a front nght comer of the robotic device. Lasers 310,
512, 520, 522 and/or laser scanner 524 can provide information to localize the robotic device
within an environment. In some embodiments, fasers 310, 512, 320, 522, and/or laser scanner
524 can emut light that 1s reflected off of one or more reflectors — the reflected light can be
detected by one or more laser sensors, and the robotic device can be localized within the
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environment based on a duration of ume taken to detect the reflected light. In particudar of
these embodiments, some or all of lasers 510, 512, 520, 522, and/or laser scanner 524 can
include one or more laser sensors for detecting reflected laser light. Then, some or all of
tasers 510, 512, 520, 522, and/or laser scanner 524 can generate data, mncluding but not
Iimited to, data related to a laser {(e.g., maintenance data for the laser), data related to hight
emitted by the laser, and data related to one or more durations of time taken to defect
reflocted laser light by the laser sensor(s).

{6084} As illustrated in Figure 5, some lasers, such as lasers 520, 322, and laser
scanner 524 can be directly connected to network switch 330, while other lasers, such as
lasers 510, 512, can be connected to network switch 330 via protocol converter 326, Protocol
converter 526 can convert a communications protocol used by a laser, such as laser 510
and/or 512, to a commumications protocol used by network switch 330; e g, convert from a
commumnications protocol based on R5-422 to a commumications protocol based on Ethernet.
Then, lasers 510, 512, 320, 522, and laser scanncr 324 can send data to and receive
commands from onboard system 320 via network switch 330 and perhaps protocol converter
526.
[B085] In some embodiments, robotic device(s) 120 can be subject to one or more
failure conditions. Examples of those faillure conditions and related recovery strategics are

described in Table 1 below.

Name Sunumary Recovery Strategy

Stale Localization Localization  systera is | Robotic device will halt and
unable to determine robotic | notify human operator. The
device pose and/or | operator ¢an intervene by
localization certainty | maonually  driving  robotic
estimate  has  exceeded | device to a location for re-
bounds. localization and reengaging.

Trajectory Following

Trajectory followmg crror

exceeds threshold.

Robotic device will halt and
attempt to restart trajectory
followmg automatically. If
system fails twice in a row
then human operator will be
notificd. The operator can
by
driving robotic device back

mtervene manually

SUBSTITUTE SHEET (RULE 26)




WO 2018/194765

PCT/US2018/022358

onto roadmap.

No Safe Trajectory

Due to cbstacle proxamity,
the trajectory planner cannot
find a safe trajectory that
the robotic
device a safe distance from
known obstacies.

wouwld  keep

Robotic device will halt and
notify human operator. The
operator can intervene by
manually dnving robotic

device around obstacle.

Hardware Fault

Steering/traction drive fault
or other low-level hardware
18]

fault condition

Robotic device will halt and
notify human operator. The
operator can power-cycle
and manually drive robotic
device back onto roadmap.

Pallet Detection Failure

Robotic device expected to

discover a  pallet at
commanded location, no

pallet was found

Robotic device will send
message to a control service
that includes sensor data
relative to where the pallet
expecied  to be
The control
service will notify huwman
operator and optionally may

Was
discovered.

send pallet pose mformation

manugally.
Pailet Pose Estimation | Robotic device could not | Robotic device will send
Failure determine pose  of paliet | message to a conirol service
relative to robotic device at | that includes sensor data
high confidence. relative to where the pallet
was expected. The control
service will notify human
operator and send pallet
pose information manually.
Table 1
1. Example Systems and Methods
3086} Figure 6 illustrates robotic device 600 deploved n a worksite that inclades

pallets, according to an exemplary embodiment. As shown, rebot 600 15 a forklift configured
with two tines 602 for hifting and transporting pallets (¢ g, pallets 606, 608), and sensor 604,

Robot 600 may perform operations in an autonomous or semi-autonomous mode using sensor
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data from sensor 604 and cameras 606, which can all have various positions on robot 600

within examples.

[G087] Sensor 604 represents a sensor system contigured to provide measuroments of
the environment of robot 600. For instance, sensor 604 may be a 3D camera system {e.g.,

stereo camera system) configured to provide depth images containing range data. In some
mstances, sensor 600 may represent multiple cameras arranged at known locations on robot
600 to cnable range imaging via stereo triangulation. In a further example, sensor 604 may
be a time-of-flight camera system configured to resolve distances using the known speed of
light and measuring the time-of-flight of a light signal between the camera and the subject
{c.g., the targeted pallet) for cach point of the image. To frther elaborate, a time-of-flight
camera 1S a type of scannerless LIDAR that captures an entire scene with each laser or hight
pulse rather than capturing measurements via a point-by-point process like a typical, scanning
LIDAR.

{06088] Cameras 606 may provide additional information that can supplement
measurements of the environment captured by sensor 604, For instance, cameras 606 may be
visual cameras (¢.g., RGB cameras) that can capture color images of the environment.

[B089] As further shown in Figure 4, robot 500 is positioned relative to pallet 606 and
pallet 608, which are included to illustrate exampie configurations of pallets that robot 600
may locate and engage {c.g., lift and transport). Pallets 606, 608 represent two types of
pallets, but other examples can exist in different structures, materials, and sizes. As such,
pallct 606 is a two way entry pallet with two pockets 610 separated by stringers 612 and
located on opposimg sides of pallet 606. In order to securely engage and hift pallet 606
without causing potential damage, robot 600 may insert tines 602 into pockets 610 prior to
sccurcly lifting palict 606. Serving as another example, pallet 608 represents a four way
entrv pallet with pockets 618 on each of side. This arrangement allows robot 600 to engage
and Hift pallet 608 from any side since blocks 416 provide support to objects placed on pallet
608 while also creating numerous pockets 618.

HE BRI While operating in an cnvironment with one or more pallets, robot 600 may
mitially detect and locate pallets (e.g., pallets 606, 608) using onboard sensors {¢.g., sensor
604, camera 606). For example, a computing system providing control instructions to robot
600 may detect the potential presence of pallet 606 using camera images, RADAR, LIDAR,
and/or other types of sensors coupled to robot 600, After the preliminary detection of a
potential pallet m the environment, the computing systemn may further acquire and utilize
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sensor data to locate pockets 610 of pallet 606 to enable accurate insertion of tines 602, For
example, the computing system may process incoming sets of sensor data to detect data
points that represent cdges of objects in the environment and further fit lines to the detected
edge pomnts.

HELA The computing system may then filter the determined line segments to exclude
line segments that are much longer or shorter than the dimensions of the pallet template (i.c.,
the height and width of the pallet’s front face) and perform a matching process that attempts
to align a pallet template to a subset of the line segments. H the computing system
determines a subset of line segments that appear to align with the pallet template, the
corputing system may analyze the relationship of the subset of line segments to determine a
six degree-of-freedom pose of a pallet in the environment. The computing svsiem may use
the pallet’s pose to develop instructions for robot 600 to use to locate and move the pallet.
[6092] Figure 7 is a flowcharnt illustrating a method 700, according to an example
mmplementation. Particularly, method 700 may be implemented to detect and locate palicts in
an environment.  For instance, a computing system may perform method 700 to detect,
recognize, and locate a pallet in near a robot device {e.g., robotic device 600).

[B093] Method 700 (and other processes and methods disclosed herem) presents a
method that can be implemented within an arrangement involving, for example, robotic
device(s) 120 {or by components or subsystems thercof, such as by a processor and a non-
transitory computer-readable medium having instructions that are executable fo cause the
device to perform functions described herein). Additionally or alternatively, method 700 may
be mplemented within any other arrangements and systems.

[6094] Method 700 and other processes and methods disclosed herein may include
operations, functions, or actions as illustrated by one or more of blocks 702, 704, 706, 708,
710, and 712. Although the blocks are illustrated in sequential order, these blocks may also
be performed i parallel, and/or in a different order than those described herein. Also, the
various blocks may be combined into fewer blocks, divided mto additional blocks, and/or
removed based upon the desired implementation.

{8695} In addition, for the method 700 and other processes and methods disclosed
herein, the flowchart shows functionality and operation of one possible implementation of
present implementations. In this regard, each block may represent a module, a segment, or a
portion of program code, which includes one or more instructions executable by a processor
for implementing specific logical functions or steps in the process. The program code may be
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stored on any type of computer readable medium, for example, such as a storage device
mehuding a disk or haed drive. The computer readable mediom may include non-transitory
computer readable medium, for example, such as computer-readable media that stores data
for short periods of time like register memory, processor cache and Random Access Memory
(RAM). The computer readable medium may also mnchuide non-transitory media, such as
secondary or persistent long term storage, like read only memory (ROM}, optical or magnetic
disks, compact-disc read only memory (CD-ROM), for ecxample. The computer readable
media may also be any other volatile or non-volatile storage systems and may be considered a
computer readable storage medium, for example, or a tangible storage device. In addition, for
the method 700 and other processes and methods disclosed berem, cach block i Figure 7
may represent circuiiry that is wired to perform the specific logical functions 1 the process.
3896} At block 702, method 700 may include receiving sensor data representing
aspects of an environment. For instance, a computing system, such as the robot’s control
system o1 a remotely positioned systerm, may roceive sensor data representative of the
environment from the robot’s sensor system. The computing svstem may receive the sensor
data from a laser scanner, depth sensor, LIDAR, or other types of sensors. In some examples,
the sensor data may be received from a sensor coupled to a robot or other type of vehicle.
For instance, the sensor mayv be coupled to an avtonomous or semi-autonomous forkhift
robotic device. In other examples, the sensor data may be received from a sensor coupled to
another apparatus, such as a manual device or stand.

{6697} In some instances, the computing system may analyze the sensor data in a
point cloud data format that represent aspects of the physical environment near the robot via
data points arranged in a coordinate system {e.g., Cartesian coordinate system}. In particular,
the data points may convey the position, height, and other parameters of surfaces in the
environment.  In another example, the computing system may analyze mcoming sensor data
in a 2D format, such as depth images.

{(3098] In some cases, the computing system may receive information that can
supplement incoming sets of sensor data, such as color images that have pixels conveving the
color of suwrfaces in the environment. As such, the computing svsiem may analvze
differences 1 colors to differentiate among data points that correspond to different obiscts.
In some exampies, the computing system may process position information of ncoming sets
of sensor data along with color mformation to further understand and analyze the robot’s
environment. As such, the computing system may atibize other sensor information to assist in
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determining a targeted pallet’s pose within examples. In further examples, the computing
system may receive sensor data i various forms. For instance, the computing system may
receive depth images, color images, ctc.

(3099} At block 704, method 700 may mclude identifving a set of edge points in the
sensor data. To minate pallet detection using meoming sets of sensor data, the computing
system may identify data points in the sensor data that hikely correspond to edges of surfaces
m the environment. In particular, these data points may be edge points that represent the
borders at which different surfaces in the environment terminate. For instance, some of the
wlentified edge points may represent a targeted pallet’s ocutside borders or extend along edges
of the inner pockets of the pallet. Likewise, other edge points may represent the borders of
other surfaces, such as the edges of objects positioned on the pallet, other nearby pallets, eic.
As such, the computing system may identify data points in sensor data that likely correspond
to edges of the target pallet, objects on the paliet, nearby pallets, and other pogsible surfaces
m the environment.

{06108 In some examples, the computing sysiem may use an edge point detection
process on multiple incoming sets of sensor data to reduce potential errors that may arise
from noisc or other characteristics that may occur within a single set of sensor data. For
example, the computing system may compare edge point wlentification results across multiple
sets of sensor data. This way, the computing system may filter potential errors that may arise
using a single set of sensor data.

{06161} In an example implementation, the computing system may receive images

with data points that express the amplitudes (e.g.

ot

height of the signal received by the sensor)
of measured surfaces in the environment. The amplitudes may indicate the reflectivity of the
measured surfaces. Prior to identifying edge points within the images, the computing system
may nitially remove all or a portion of data points that cxpress an amplitude smaller than
Gmin OF larger than Gme.. In particular, @ may corrgspond 1o 3 minimum amplitude threshold
level and 1ndicate that the represented surface is below certain strength of reception. The
computing system may remove the data points that fall below @y since those data points
hikely were measured from dark surfaces that hikely do not correspond fo portions of a
targeted pallet.

100102} Similarly, d@me may correspond to a maximum amplitude threshold level and
indicate that the surface represented by data poimts that are above dme likely do not
corrgspond to a pallet since pallets typically have matenials that would not produce
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measurements of high amplitudes.  Further, the computing system may filter data points
based on amphitudes to remove data points corresponding to surfaces that cause erronsous
measurements and may be more noise than other data points. After removing data points that
have amplitades outside a desired range, the computing svstem may utilize the remaining
points to identify edge points. The computing system may filier mcoming sensor data points
based on amplitudes to reduce runtime and other computational resources by focusing
subsequent processing on areas i the sensor data.

1860143} In some examples, the computing system may identify edge points using a
Canny edge detection process, which may nvolve (i) applying a Gaussian filter to smooth an
image {c.g., depth measurements) to remove poise within the measuremends, (i1} detecting
miensity gradients of the image, (11) applving a non-maximum suppression to remove
spurious responses to edge detection, (1v} applving a double threshold to determine potential
edges, and {v} detecting edges by hysteresis, such as finalizing the detection of edges by
suppressing all of the other edges that are weak and not connected to strong edges. For
mstance, the computing svstem may mtially smooth sensor data using Gaugsian convolution,
which may be a two-dimensional (2D} convolution operator that 1s used to ‘bhur” images and
remove detail and noise. Convolution is an operation that is associated with many sensor
data processes and provides mformation for feature detecting. The degree of smoothing
using the Gaussian smoothing may be determined by the standard deviation of the Gaussian,
which may output a “weighted average™ of cach data point’s neighborhood with the average
weighted more towards the value of central data points within the neighborhood.  Although
the computing system may also use a mean filter rather than Gaossian, the Gaussian
convolution may provide a gentler smoothing and help preserve edges better.

{00104 After smoothing the sensor data using Gaussian filter, the Canny edge
detection process may involve vsing a simple 2D first denivative operator to highhight clusters
of data points with high first spatial derivatives. In particular, edges may give rise to ridges
i the gradient magritude image with the Canny edge detection process measuring the top of
the ridges and setting other data points to a zero value that arc not part of the nidges tops.
This mav result in a thin line n the output through a process known as non-maximal
suppression. The process may further determine hysteresis as controlled by two thresholds: a
first threshold and a second threshold, with the first threshold greater than the second
threshold. The process may analyze data pomnts on a ndge higher than the fivst threshold in
both directions from the initial point until the height of the ridge falls below the sccond
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threshold. 'This hystercsis helps to ensure that noisy edges are not broken up mto multiple
cdge fragments. In other examples, the computing system may perform a Canny edge
detection process involving different steps than the process described above. Further, in
some examples, the computing system may also perform other edge detection processes, such
as a Sobel edge detector process.
[30105] Figure 8A illustrates a visualization of edge points wlentified in sensor data by
a computing system, in accordance with an example embodiment. In particular, sensor data
800 15 shown in a point cloud that depicts the surfaces of objects i front of a robot (e.g.,
robot 600). As such, a computing system may identify edge points, such as a first cluster of
edge points 802, a second cluster of edge points 804, a third cluster of edge points 806, and a
fourth cluster of edge points 808, among other edge pomts identified in sensor data 800. The
wdentified edge points may correspond to edges of various surfaces in the environment, such
as the edges of objects, edges of a targeted pallet, and other surfaces. As discussed above, the
computing svstem may bave identified the different edge points as a result of using a Canny
edge detection process and/or other edge detection processes.
[06186] In a further example, the computing system mav perform multiple edge
detection processes using the sensor data. For instance, the computing systenm may use a ling
segment detector (LS} on color images along with a Canny edge detect process. LSD
represents a linear-time hine segment detector that may give sebpixel accurate resolts on
images without parameter tuning.
{00167} Referring back to Figure 7, method 700 at block 706 may include determining
a set of hne scgments from the set of edge points. In particular, each line scgment may fit to
a subset of the set of edge points. For example, sach ling segment may include a number of
cdge pomts that approximately align to form the line scgment with the mumber of edge points
varying across examples. In some cases, the computing system may deternune that a longer
lime segment mcludes more edge points that appear to form portions of the line segment.
Similarly, the computing system may determine that a short line segment fits a fewer number
of edge points. In some cases, however, a shorter line segment may include a large number
of detected edge points that may enable the computing svsiem to wdentify the line segment as
a potential edge of a surface quickly.
{06108 In some implementations, the computing systermn may apply an iterative
approach to determine hine segments that it to edge points. For instance, the computing
system may sample at least a first edge point {p) and a second edge poimnt {g} from among
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wdentified edge points and determing a bne model that connects the sample edge points,
which may be represented by a position vector p and the difference vector ¢ - p. The
corputing system may further utilize the line model to analyze the distances of other nearby
edge points relative to the line model to identify edge points that may likely fit the hine
model.  For instance, in some applications of the approach, the computing system may
consider edge points as pait of the line model when the edge points have distances to the line
model! less than a threshold distance. This way, the computing system may avoid spending
resources (e.g., time, power) testing edge points positiongd at distances away from the line
model that likely do not represent the same edge in the environment as the line model.
{00109} After a number of iterations atfempting to fit edge points to a given line model
and refining the position of the line model through the different attempts, the computing
system may add the hne segment model to a set of line scgments if the line segment model
mcludes a high number of inlier edge points. Additionally, the computing system may be
configured to also remove the edge points found to make up the line scgment from a set of
remaining candidate edge points used to identify other line segments. The computing system
may be configured to contimue sceking to fit hne models on remaning edge points until
stopping line detection if the cardinality of available edge points falls below a minimum
number of points per edge or if no more lines can be found.

{60116 Figure 8B illustrates a visuabization of a set of line segments determined from
an identified set of edge points by a computing system, in accordance with an example
embodiment. As shown m sensor data 800 previously depicted in Figure 8A, the computing
system may analyze edge points previcusly identified (as shown in Figure 84} to fit line
segments upon sets of the edge points that appear to align and form edges of surfaces in the
environment. Particularly, a computing system may fit line segments 810, 812, 814, 816,
318, 820 to various clusters of identified edge points using hine segment fitting processes,
such as the iterative approach described above. The ling segments may potentially represent
the edges of surfaces in the environment, including edges of the targeted pallet.

{00111} Referring back to Figure 7, method 700 at block 708 may include filkering the
set of line segments 1o exclude line segments that have a length outside a height range and a
width range associated with dimensions of a pallet template.  The computing system may
further process the set of identified line segments to remove line segments that fikely do not
represent edges of the targeted pallet. In some instances, the computing system may utilize
knowledge of dimensions of typical pallets and/or a general position of the targeted pallet
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when filtering line segments to reduce the overall nomber of line segments available for
testing for alignment with a pallet template. For instance, the computing system may remove
linc segments that are located at heights, positions, or oricntations that likely do not muror
the targeted pallet’s actual position and orientation.

j63112} In some examples, the computing system may remove ling segments that have
orientations that hikely do not align with the orentation of a pallet in the environment. For
mstance, line segments with an angular orientation {(¢.g., 45 degrees) may be removed from
the set of line segments since a pallet likely does not have angudar edges. Rather, a pallet
may likely include horizontal and vertical edges. such as the edges shown in the example
pallets 606, 608 depicted in Figure 4. Additionally, the computing svstem may also rerove
hine segments from the potential line segments that may represent cdges of a pallet in the
environment based on the lengths of the line segments. For instance, the computing system
may remove line segments that have a length less than a minimum desired length (eg., a
minimum length threshold). Similarly, the computing system may remove line segments that
have a length greater than a maximum desired length (c.g., a maximum length threshold).
The computing system may be configured to filter the set of line segments based on lengths
to climinate line segments with Iengths that fall outside the range of lengths associated with
the border and inner pockets of a pallet. Withim other examples, the computing svstem may
filter the set of line segments using other information as well.

[060113] Figure 8C illustrates a visualization of a set of line segments filtered to
exclude line scgments based on the dimensions of a pallet template by a computing system, in
accordance with an example embodiment. As shown, the computing system may remove
some of the line segments fitted to edge points in sensor data 800 that were identified n
Figure 8B to reduce the number of potential line segments that the computing system may
attempt to use o match to one or more pallet templates. For instance, the computing system
may reduce the set of hine segments previously determined as shown in Figure 8B resulting in
a subset of line segments comprising §30A, 8308, 830C. 830D, and 832 that have lengths
that appear to fit within a range of lengths based on dimensions of a pallet tomplate. As a
result, the computing system may process the subset of lime segments to localize and
determine a pose of the targsted pallet.

{68114} Referring back to Figure 7, method 700 at block 710 may mchide dentifying,
from the filtered set of line segments, a subset of line segmenis that align with the pallet
template.  In order to potentially detect the presence of a pallet i the environment, the
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computing system may utilize and attempt to align one or multiple pallet termplates to sets of
linc segments fitted to previously identified edge points. For mmstance, Figure 8D illustrates a
visualization of a subset of line segments that align with the pallet template wdentified by a
coroputing system, in accordance with an example embodiment.  As shown, the computing
system may utilize the relationship between line segments o determine that the line segments
840 in sensor data 800 that may potentially align with a pallet template. The computing
system may use line segments 840 to determine a pose of the targeted paliet.

[86115] In some examples, in order to extract data points that were potentially
measured from a pallet in the environment, the computing system may fif a line segment to
the local minmima (points in the virtual scan or the coordmates of occupied cclls in the
occupancy grid), fif hines segments as in the template—matching-based pipeline.

[0B116] In an example mmplementation, in order to determine the pose of a targeted
pallet, the computing system may sample sets of 2 to » line segments (where n is the nomber

of line segments m pallet templatc) and the indicr edge points of the line scgments,

I
respectively, and match a superset of all inhiers edge points of the line segments to points
sampled from a pallet template {(e.g., points extending along the dimensions of the pallet
template). For mstance, the computing system may apply an lerative Closet Point (ICP)
process to match the pallet template (sampled palict template points & € ) against the
sampled line segments {sampled line segment points m €M), In every iteration, the
computing system may scarch for the closest neighbors in sampled template points I for
sampled line segment points M. In some instances, the computing system may use the
Fochidean pomt-to-point distance between pairs of corresponding points to compute the
transtormation (7} aligning the pallet template to the sampled line segments as shown m

equation {1} below.

[00117] [l T =argmind, ¥, wy |lmy —T(d))?
{60118} The error functions may include all possible matching of a point d_1 to a point

m_ 1. As such, the matching step (neighbor search is encoded in the weight w_i} in a binary
fasion: if m jisthe closetpomttod i, w = 1and w 1 =0, otherwise. The error functions
may also be rewritien as a sum over all n matches where cach match isapan {(d . m j}. A
computing system may use various methods (depending on the type of error function) to
solve equation {1}, For instance, the computing system may use closed form solutions for
point-to-point analysis.

{00119} In some examples, the ICP process may include for each data point in a bine
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segment, maiching the closet point in the pallet template and estimating the combination of
rotation and transiation using a root mean square point to poiut distance metric minimization
technique which will best align cach data point in the line segment to its matching point in
the pallet template after weighting and rejecting outhier points. The computing system may
further perform the process by transforming the line secgments points using the obtained
transformation and repeating the process.

[0012¢] In some instances, the computing system may be configured to perform an
actual matching in two-dimensions or 3D. In particular, the line segments determined by the
computing system that have a length of the width of the pallet teraplate may signal the pose
of the pallet in the environment in 2. In order to perform 3D maitching, the computing
gystern may extract all or a portion of 3D points that have an x and v coordinates close to line
segment candidates and perform either a 3D registration again using interactive closest point
process.

{00121} Figure 9A dlustrates example pallet template 900, which represents a potential
pallet template that a computing system may atiempt to fit to determined line segments to
wentify a location of a pallet in a robot’s environment. As shown, pallet template 900 shows
one type of configuration that a pallet may have and includes length 902 and height 904
These dimensions mav vary with other example pallet templates. Pallet template 900 also
mcludes pockets 906 that represent slots that a robot (e.g., forkhift) may mmsert tines or other
mechanical structures to engage and Lift a pallet with such a configuration.

[066122] Figure 9B illustrates another example pallet template 910, which represents
another potential pallet template.  As shown, pallet template 910 has length 912 and height
914, which can differ across various example mplementations. Unlike pallet template 900,
pallet template 910 does not melude a bottom portion, but rather includes open pockets 916
that extend to a ground surface that a paliet configured as pallet template 900 may be placed
upon. A computing system may use pallet template 900 and pallet template 210 to identify
line segments that ltkely represent the pose of a targeted pallet in the environment.

{00123} Referring back to Figure 7, at block 712, method 700 may include determining
a pose of a pallet in the environment based on the identified subset of line segments. Upon
wlentifving line segments that likely correspond to portions {e.g., edges) of a pallet, the
computing system may analvze the relationship of the line segments and positions of the line
segments relative 1o the robot {o determine the pallet’s pose. For mstance, the computing

system may analyze the depth and position of data points mcorporated within the 1dentified
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hine segments to determing a position and an orientation of the pallet.
{86124} In some examples, the computing system may estimate the distance between a
portion of the pallet {c.g., the pallet’s pockets) and the robotic device. This way, the
corputing system may develop control mstructions that specify a distance that the robotic
device may need to travel before engaging the pallet. For example, the computing system
may develop mstructions that adjust an onentation of the robotic device relative to the
pallet’s pockets and further cause the robotic device to accurately insert mechanical
components (¢.g., tines} into the pockets.
{00125} In a forher example implementation, method 700 may further include
controlling a robotic device based on the pose of the pallet. In particular, in some cases, the
computing system may correspond to the robot’s control system and control the robotic
device based on the pose of the pallet. For instance, the computing system may navigate the
robotic device and cause the robotic device to safely engage the pallet by inserting its tines
mto the front pockets of the pallet. As a result, the computing svstem may turther control the
robotic device to transport the pallet and its contents to a desired location.
[06126] In another example implementation, the computing svstem may be configured
to determine a confidence associated with the pose determination for the pallet. In particular,
m addition to determining the pose of a pallet in the environment {e.g., the pose represented
by the transform (7)), the computing system may be configured to determine a confidence
dependent on the overall alignment between the identified subset of line segments and the
dimensions of the pallet template. For example, the computing system may determine a
confidence based on the ratio of matching points between the subset of ling segments and
pallet template {c.g., data points within a small distance threshold corresponding to the
expected noise level m this distance). When using a ratio of matching points, a large
confidence close to 1 may suggest an accurate fit between the pallet template and subset of
lime segments while a small confidence may suggest a less accurate fit. In some cases, the
confidence level determined by the computing system may signal that the pallet is not located
at that position in the environment.
{86127} The computing system, in some examples, may be configured to perform one
or multiple pre-processing operations using incoming sets of sensor data prior to performing
edge point identification. The pre-processing operations may aim {o reduce potential noise
and other unwanied factors withun the sensor data. For instance, the computing svstem may
filter sensor data to exclude data points that appear to be statistical outliers. In other words,
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the computing system may remove data points that do not appear to fit with the rest of the
meoming sensor data. The filter mav reduce noise and remove other unwanted data points,
such as data points that likely resulted from jump edges or other inconsistencies.

301281 In addition to reducing noise within incoming sensor data, the computing
system may also determine particular featares utilizing the sets of sensor data {c.g., depth
images, color images), such as local surface normal, curvature, and/or covariance of clusters
of data points within the sensor data. A surface nommal of a cluster of data pomts 15 a hne
{vector) that extends perpendicular to the local surface of the object{s) represented by the
cluster of data points and can help determine the onentation of the measured surface. The
curvature of a cluster of data points mav indicate changes in orientation of the surface as well
and the covariance may provide a measure of the strength of the comclation between data
points in the cluster. Ags such, the computing system may use the above features to avoid
errors that may arise when identifyving edge points using depth discontinuitics in the sensor
data. For example, in some cases, the deternmined curvature and covanance of clusters of data
points may help identify convex and concave edges where different surfaces of objects mect
without clear depth discontinuities. The computing svstem may produce an edge point image
using the various features and further process the edge point image to fit line segments to the
edge pomnts.

$03129] In another example, the computing svstem may identify the relative position of
multiple pallets in front of the robot. For instance, the computing system may detect the
presence of the pallets relative to the sensor {or robot device) and further focus upon a
particolar pallet to determing a control strategy for the robotic device.

{00136] Figure 10 1s a flowchart illustrating another example method 1000, according
to an example implementation.  Sumilar to method 700, method 1000 includes scveral
operations, functions, or actions as lustrated by one or more of blocks 1002, 1004, 1006, and
1008.  Although the blocks are illustrated in sequential order, these blocks may also be
performed in parallel, and/or m a different order than those described herein. Alsc, the
various blocks may be combined into fewer blocks, divided into additional blocks, and/or
removed based upon the desired implementation.

{66131} In some examples, a computing system may utilize method 1000 when the
computing system has knowledge that a targeted pallet is both located on the ground and
separated from other pallets. When a pallet is in such position n the robot’s environment
(ie., posttioned on the ground and clearly separated from other pallets), the computing
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system may use less computational resources to locate the pallet.  For example, the
computing svstem may initially identify data points that correspond to the ground below the
potential pallet and then segment data points within sensor data that arc located at heights
corresponding to heights (e.g., height 704 of pallet template 700, height 714 of pallet
template 710} typically associated with a pallet positioned on the ground. Afier segmenting
data points within the height range associated with a pallet on the ground, the computing
system mayv extract data points positioned closest to the robot (e.g.. forklift) in an assumption
that these data points hikely represent the targeted paliet’s front face. As such, the computing
system may try to fit a pallet template to these extracted data points to locate and determing
the targeted pallet’s pose.
301321 At block 1002, method 1000 may mclude performing a pre-processing
operation on sensor data. In particular, as discussed above, a computing system may receive
sensor data depicting an environment from sensor(s) coupled to a robot and perform one or
multiplc pre-processing operations upon scts of incoming sensor data, such as a least squares
process or sample~-consensus-based approach to fit a plane to the ground below the targeted
pallet. A least sguares process may involve estimating onknown parameters in a hincar
regression model with the goal of minimizing the sum of squares of the differences between
data points m the sensor data and predicted data points associated with a linear tunction. A
sample-consensus-based approach may involve fitting some model (eg., line segment
models) to data points in sensor data by selecting a random subset of the sensor data and
fitting a model to the subset. The computing system may further test all other sensor data
agamst the fitted model and deterniine the number of data points that appear to fit the
estimated model. The computing system may further improve the model by refitting the
model using the data points that previously appeared to fit the model.
[30133] The computing svstem may then transform data points within incoming sensor
data sets into a local coordinate frame on the plane segment and segment all points above the
ground plane as candidate data points that may potentially represent the targeted pallet. Ina
further example, the computing system may linut candidate data points within a given height
range {(amplitude range) above the ground plane as potential data points that may represent a
pallet (c.g., data points above a first threshold height and below a second threshold height),
{06134} At block 1004, method 1000 may mclode performing a virtual two-
dimensional scan.  As indicated above, the computing system may assume that a pallet 1s
generally positioned in front of the robot using one or multiple sensors coupled to the robot.
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Additionally, the computing system may determine that the pallet is not occhuded by one or
more objects by analyzing data points within sets of sensor data that are positioned closest to
the robot and likelv correspond to the targeted palict. For instance, the computing system
may compute a virtual 2D scan (1.¢., a mimimum distance for a discrete set of angles), and for
data points above the ground plane, the computing system may compute the distance and the
angle (1.¢., the polar coordinates) in order to store the mirimum distance per discretized angel
m a lookup table. A virtual 21 scan represents down projection of 30 data points onio the
ground plane and filtering the maximum and/or minimum distance to data points in every
direction. By filtering minimum distances, the computing system may effectively create a 2D
scan that includes all obstacles in front of the robot above the ground.
[06135] In some examples, the computing system may be configured to determine a
local egocentric occupancy grid and sclect the coordinates of occupied cells. An egocentric
cocupaney grid map s a gnd map {¢.g., a matnax) in which each cell ig either “free” or
“occupied”. A cell is free when the computing svstem has identified an obstacle, wall, or
something else behind the cell and has further 1 principle looked through it. On the other
hand, a cell s occupied when the computing system has seen something in the cell. A cell
may alsc be “uvoknown” when the computing svstem has yet to determine if the cell is
occupied by an obstacie or clear.
[060136] In some implementations, an occupancy grid may correspond o a top-down
map of the environment where walls and racks are black/occupied, floor is white/free, and
arcas outside are gray/unknown. For instance, an cgoceniric occupancy grid may have a
robot in the center of the map enabling a control system of the robot to find the closet
obstacles arcund the robot in the plane that the robot is operating on {e.g., on the ground
surface).
{01371 The computing svstem may perform the above processes to detect the closest
objects positioned m front of the robot and to further imitialize the search for a targeted pallet.
In particolar, a pallet (and items positioned on top of the pallet) may show up as a line 10 the
cgocentric map or in the 2D scan.
[66138] At block 1006, method 1000 may mclude extracting paliet front face
candidates, which can mvolve the computing system attempting to fit line segments to local
minima {i.¢, data pomts in the virtual scan or the coordinates of occupied cells in the
occupancy grid). The computing system may further fit line segments to points of one or
multiple pallet templates. In some applications of method 1000 or similar methods, the
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computing system mayv be configured to ignore line segments with lengths below or above
the expected pallet width,

{00139} At block 1008, method 1000 may include matching a pallet template. More
specifically, the computing svstem may perform the matching in 2D or 3D depending on the
acquired sensor data. In particular, the computing system may use detected line segments
with a length of the expected pallet width to determine the pose of the pallet in 23, For 3D
matching, the computing svstern may extract all 313 sensor data points that have x and v
coordmates close to the hine segment candidates and perform a 3D registration using an
tterative closest pomt process. The computing system may further compute its confidence by
cxtracting the 3D points and finding matches between the pallet template and the data points.
As such, a lugh confidence may suggest a good match and a low confidence may indicate that
no pallet was found.

1V, {onclusion

[0140] The present disclosure 15 not to be limited in terms of the particular
mplementations described m this application, which are intended as llustrations of varnious
aspects. Many modifications and vanations can be made without departing from its spirit and
scope, as will be apparent to those skilled in the art. Functionally equivalent methods and
apparatuses within the scope of the disclosure, 1n addition to those enumerated herein, will be
apparent to those skilled in the art from the foregoing descriptions. Such modifications and
variations are intended to fall within the scope of the appended claims.

{6141} The above detailed description describes various features and functions of the
disclosed svstems, devices, and methods with reference to the accompanying figures. In the
figures, spmilar svmbols typically identify similar components, unless context dictates
otherwise. The example implementations described herein and 1n the figures are not meant to
be hmiting. Other implementations can be utilized, and other changes can be made, without
departing from the spirit or scope of the subject matter presented herein. It will be readily
understood that the aspects of the present disclosure, as generally described herein, and
tHustrated in the figures, can be arranged, substituted, combined, separated, and designed in a
wide varniety of different configurations, all of which are explicitly contemplated herein.
[8142] The particular arrangements shown mn the figures should not be viewed as
Emiting. It should be undersiood that other implementations can include more or less of each

clement shown n a given figure. Further, some of the illustrated clements can be combined
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or omitted. Yet further, an example implementation can include elements that are not
tHustrated in the figares,

[3143] While various aspects and implementations have been disclosed hercin, other
aspects and implementations will be apparent to those skilled i the art. The various aspects
and implementations disclosed herein are for purposes of illustration and are not mtended to

be limiting, with the true scope being mdicated by the following claims.

[9%]
Nl

SUBSTITUTE SHEET (RULE 26)



WO 2018/194765 PCT/US2018/022358

CLAIMS
What is claimed 1s:
i A method comprising:
recelving, at a computing system and from a sensor, sensor data representing aspects

of an environment;

identifving a sct of edge points in the sensor data;

determining a set of linc segments from the set of edge points, wherein each line
segment is fit to a subset of the set of edge points;

filtering the set of line segments to exclude hine segments that have a length outside a
height range and a width range associated with dimensions of a pallet template;

dentifying, from the filtered set of line segments, a subset of line segments that align
with the palict template; and

determining a pose of a pailet in the environment based on the identified subset of line

segmenis.

2. The method of claim 1, wherein receiving sensor data representing aspects of
the cnvironment comprises:

receiving depth images representing aspects of the environment from a depth sensor.

3. The method of claim 1, wherein identifving the set of edge points in the sensor
data comprises:

determining a first local surface normal and a second local surface normal of a cluster
of data points i the sensor data; and

dentifving data points in the cluster of data pomts that correspond to edge points

based on the first local surface normal and the second local surface normal.

4. The method of claim 1, wherein identifving the set of edge points 1 the sensor
data comprises:

determining covarance of data points in a cluster of data points in the seunsor data;

and
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identifving data points in the cluster of data points that cormrespond to edge points

based on the covariance of the data pomnts.

5. The method of claim 1, wheremn determining the set of hine segments from the
set of edge potnts comprises:

selecting a first edge point and a second edge point from the detected edge points;

estimating a line segment model that includes at least the first edge point and the
second edge point;

modifying the line segment model based on an additional edge point located
proximate to the line scgment model; and

based on the modified ling segment model, determining a line segment that includes

the first edge pomnt, the second edge point, and the additional edge point.

6. The method of claim 1, further comprising:
causing a robotic device to insert tines nto pockets of the pallet; and
responsive to causing the robotic device to msert tines into pockets of the pallet,

causing the robotic device to 1ift the pallet.

7. The method of claim 1, further comprising:

responsive {0 receiving sensor data reprosenting aspects of the environment,
performing a filter process to remove data points of the sensor data that represent surfaces at
amplitudes outside a range of amplitudes associated with a paliet positioned on a ground

surface.

8. The method of claim 1, wherein filtening the set of line segments to exclude
line segments that have a length outside a height range and a width range associated with
dimensions of a pallet template comprises:

determining an orientation of a line segment of the set of line segments;

based on the onentation of the line segment, deternuning whether a length of the line
segment 18 outside either the height range or the width range associated with the dimensions
of the pallet template; and

based on determining that the length of the line segment is outside either the height
range or the width range, modifying the set of line segments to exclude the line segment.
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9. The method of claim 1, wherein identifving, from the filiered set of line
segments, the subset of line segments that align with the pallet template comprises:
determiming the subset of line segments that align with the dimensions of the pallet

template using a registration proeess.

10. The method of claim 1, further comprising:

determining a confidence level associated with an alignment of the subset of line
segments with the dimensions of the pallet template; and

based on the confidence level, determining a control strategv for a robotic device

using the pose of the pallet.

I The method of claim 1, wherein determuning the pose of the paliet n the
environment based on the identified subset of line segments comprises:
determining a distance and a relative position of the pallet from the sensor; and

determining an orientation of the pallet relative to the sensor.

12, The method of claim 1, wherein the sensor data mcludes depth measurements
of the environment from a 3D camera, and

wherein identifving the sct of edge points in the sensor data comprises:

determining a cluster of local neighborhood data points in an depth image
from the 3D camera;

determining depth measurements of data points in the cluster of local
neighborhood data points; and

identifying data points of the cluster of local neighborhood data points that

correspond to edge points based on the determined depth measurements,

13. A robotic device, comprising:
a sensor coupled to the robotic device; and
a control system configured to;
recetve sensor data representing aspects of an environment,

identify a set of edge points in the sensor data;
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determine a sct of line segments from the set of edge points, whercin each line
segment is it to 3 subset of the set of edge points;

filter the set of line segments to exclude line scgments that have a length
outside a height range and a width range associated with dimensions of a pallet
template;

identify, from the filtered set of line segments, a subset of line segments that
align with the pallet template; and

determine a pose of a paliet in the environment based on the identified subset

of line segments.

t4.  "The system of claim 13, wherein the robotic device i1s an antonomous robotic
forkhift.
15, 'The system of claim 13, wherein the sensor data includes a color image from a

set of stereo cameras, and
wherein the control system is configured to convert the color image into a grayscale

image to identify the set of edge poinis m the sensor data.

16.  'The system of claim 13, wherein the sensor data includes a depth image from
a 3D camera, and
wherein the control system s further configured to:
determine a chuster of local neighborhood data points 1n the depth tmage;
determine depth measurements corresponding to data points in the cluster of
local neighborbood data points; and
identify data points of the cluster of local neighborhood data points that

correspond to edge points based on the determined depth measurements,

17. A non-transtiory computer readable medium having stored therein program
mstructions executable by a computing system to cause the computing system to perform
operations, the operations comprising:

receiving sensor data representing aspects of an environment;

wdentifving a set of edge points in the sensor data;
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determining a set of line segments from the sct of edge points, wherein each line
segment is it to a subset of the set of edge points;

filtering the sct of line scgments to exclude line segments that have a length ouiside a
height range and a width range associated with dimensions of a pallet template;

dentifving, from the filtered set of line segments, a subset of line segments that align
with the pallet template; and

determining a pose of a pallet in the environment based on the identiticd subset of line

segments.
18.  The non-transitory computer readable medium of claim 17, the operations
further comprising:

causing a robotic device to 1ift the pallet and modify a position of the pallet.

19, 'The non-transitory computer readable medium of claim 17, wherein the width

range 1s the width of the pallet template plus or minus a fixed error tolerance.

20.  The non-transitory computer readable medium of claim 17, wherem the height

range 1s the height of the pallet template plus or minus a fixed error tolerance.
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