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ACTUATOR AND ACTUATOR DESIGN METHODOLOGY

CROSS-REFERENCE TO RELATED APPLICATIONS
[8061] This application claims the benefit of U S Provisional Patent Application No.
©3/378,000, filed September 30, 2022, the entire contents of which is incorporated by reference

in 1ts entirety and for all purposes.

BACKGROURD
TECHNICAL FIELD

[8002] The present disclosure relates to robots, and more particularly, to actuator

design and methodology.
DESCRIPTION OF RELATED ART

[6003] Neural networks are relied upon for disparate uses and are increasingly
forming the underpinnings of technology. For example, a neural network may be leveraged to
perform object classification on an image obtained via a user device {e.g., a smart phone) or
camera system. In this example, the neural network may represent a convolutional neural
network which applies convolutional layers, pooling layers, and one or more fully connected

layers to classify objects depicted o the image.

[8664] Complex neural networks are additionally being used to enable autonomous
or semi-autonomous driving functionality for vehicles and things. For example, an unmanned
aerial vehicle may leverage a neural network, in part, to enable navigation about a real-world
area. In this example, the unmanned aerial vehicle may leverage sensors to detect upcoming
objects and navigate around the objects. As another exaruple, a robot may execute uneural
network(s) to navigate about a real-world area. A leg or arm of the robot may be formed trom
a plorality of conneciors or members. A motion of each mermber can contribute to the
navigation of the robot about a real-world area and can be independently controlled by one or
more actuators.  The design and features of these actuators can impact the performance
characteristics of the robot.

[6005] Embodiments of the present disclosure and their advantages are best
understood by referring to the detaited description that follows. It should be appreciated that

like reference numerals are used to identify like elements illustrated in one or more of the
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figures, wherein showings theretn are for purposes of tlustrating embodiments of the present

disclosure and not for purposes of limiting the same.
SUMMARY

[3006]  An aspect is ditected to a system of movement control of a robot using
actuators, the system can include one or more first type of actuators positioned at torso,
shoulder, and bhip locations of the robot; one or more second type of actuators positioned at
wrist locations of the robot; one or more third type of actuators positioned at the wrist locations
of the robot; one or more fourth type of actuators positioned at elbow and ankle locations of
the robot; one or more fifth type of actuators positioned at the torso location and the hip
locations of the robot; and one or more sixth type of actuators positioned at knee locations and

the hip locations of the robot.

[8067] A variation of the aspect above further includes one or more motors

configured to cause movement of the one or more actuators.

[6008] A vanation of the aspect above further includes one or more batieries

positioned at the torso location of the robot and connected to the one or more motors.

[600%] A vanation of the aspect above further includes a communication backbone

communicatively connected to the one or more actuators and the one or more motors.

[0016] A vaniation of the aspect above further includes a processor communicatively

connected to the communication backbone,

[6011] A vanation of the aspect above 1s, wherein the one or more batteries are

connected to the communication backbone.

[6012] A vanation of the aspect above 1s, wherein the communication backbone is
configured to allow communication between the processor, the motor, and sensors on the

actuators.

[0013] A varnation of the aspect above 18, wherein the processor 18 configured to
control the one or more motors and receive information from the sensors on the actuaiors

through the communication backbone.
[8014] A vanation of the aspect above is, wherein one or more of the first type, the
second type, the third type, the fourth type, the fitth type, and the sixth type of acmators

comprises rotary actuators,
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[8015] A vanation of the aspect above is, wherein at least one of the rotary actuators

comprises a mechanical latch.

[3016] A variation of the aspect above s, wherein one or more of the first type, the
second type, the third type, the fousth type, the fifth type, and the sixth type of actuators

comprises linear actuators.

[8017] A variation of the aspect above 1s, wherein at least one of the linear actuators

comprises planetary roliers.

[0018] Another aspect is directed to a method of controlling movement of a robot
using actuators, the method can include controlling torso, shoulder, and hip locations of the
robot with one or more first type of actuators; controliing wrist locations of the robot with one
or more second type of actuators; controlling the wrist locations of the robot with one or more
third type of actuators; controlling elbow and ankie locations of the robot with one or more
fourth type of actuators; controlling the torso location and the hup locatiouns of the robot with
one or more fifth type of actuators; and controlling knee locations and the hip locations of the

robot with one or more sixth type of actuators.
[8019] A vanation of the aspect above further includes controlling the one or more
actuators with one or more motors.

[0026] A vanation of the aspect above further includes providing power to the one or

more motors with one or more hatteries positioned at the torse location of the robot.

[0021] A variation of the aspect above further includes communicatively connecting

the one or more actuators and the one or more motors with a communication backbone.

[6022] A variation of the aspect above further includes communicatively connecting
the communication backbone to a processor.

[0023] A varnation of the aspect above further includes providing power to the
communication backbone with the one or more batteries.

[3024] A variation of the aspect above further includes controlling the one or more

motors and receiving information from the sensors on the actuators with the processor through

the communication backbone.

[8025] A variation of the aspect above is, wherein one or more of the first type, the

second type, the third type, the fourth type, the fitth tyvpe, and the sixth type of actuators
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comprises rotary actuators; and wherein one or more of the first type, the second type, the third

type, the fourth type, the fitth type, and the sixth type of actuators comprises linear actuators.

BRIEF DESCRIPTION OF THE DRAWINGS
[0026] The present inventions are described with reference to the accompanying
drawings, tn which like reference characters reference like elements, and wheretn:

[6027] Figure 1A is a block diagram illustrating an example autonomous robot which

includes a multitude of image sensors and an example processor system.

[0028] Figure 1B is a block diagram illustrating the example processor system
determining object / signal information based on received image information from the example

1NAZE Sens0Ts.
[0029]  Figure 1C iHlustrates an example of the resulting degree of vision for the robot.

[6036] Figure 2 is a block diagram of an example vision-based machine learning

model which includes at least one processing network,
[8031] Figure 3 13 a block diagram of the processing network.
[6032] Figure 4 is a block diagram of the modeling network.
[8033] Figure SA illustrates a block diagram of a robot.

[0034] Figures 5B illustrates exemplary placement of a battery pack and actuators on
a robot according to this disclosure.

[0035]  Figure 5C illustrates exemplary actuators that are implemented on the robot
of Figures 3B according to this disclosure.

[8036] Figure 5D illustrates a battery pack integrated into a robot illusirating a
vertically oriented battery back with protective coverings.

[8037] Figure 5E illustrates internal components of an exemplary rotatory actuator
according to this disclosure.

{3038] Figure SF illustrates internal components of an exemplary linear actuator
according to this disclosure.

[803%9] Figure 5G illustrates other internal components of the rotatory actuator of

Figure 5E.
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[8048] Figure SHillustrates other internal components of the linear actuator of Figure
SE.

[3041]  Figure SI llustrates other internal components of the rotatory actuator of

Figure 5E.

[6042] Figure 5J tlustrates other internal components of the linear actuator of Figure

LA
i

[8043] Figure 6 tllustrates targets and methodology for movement of an exemplary

actuator {e.g., lett hip yaw) tllustrated in Figure 5B and 5C including actuator torque and speed.

[0044] Figure 7 illustrates a single association between the targets and methodology

thustrated in Figure 6 with system cost and actuator mass.

[6045] Figure 8 1s similar to Figure 7 but includes a plurality of associations for use

to select an optimized design for the actuator,

[8046] Figure 9 iHustrates performance aspects related to the torque and speed for the

movement of the actuator for the joint (e.g., left hip yaw) from Figure 6.

[0047] Figure 10 tllustrates assoctation between performance at each position of a

robot and the corresponding actuator type implemented at each position of the robot.

DETAILED BESCRIPTION

[0048] One or more aspects of the present application relate to enhanced techrigues
for autonomous or semi-autonomous (collectively referred to herein as autonomous) operation
of machinery, generally referred to robot or robotic machinery. In one or more embodiments,
robots may be configured or optimized to conduct ong or more tasks typically implemented
through human effort. In some applications, a robot may be humanoid in appearance to
physically resemble, at least in part, humans or buman efforts. In other applications, a robot

may not be constrained with features that are humanoid in appearance.

[0049] Thus, the robot may navigate about a real-world environment using vision-
based sensor information. As may be appreciated, humans are capable of navigating within
vartous environments and performing detailed tasks using vision and a deep understanding of
their real-world susroundings. For example, humans are capable of rapidly tdentifying objects

s

{e.g., walls, boxes, machinery, tools, etc.) and using these objects to inform
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navigation/locomotion {e.g., walking, running, avoiding collisions, etc.) and performing
manipulation tasks {e.g., picking up objects, using machinery/tools, moving between defined

focations, etc.).

[30538] One or more aspects of the present application describe a vision-hased
machine learning model which relies upon increased software complexity to enable a reduction
in sensor-based hardware complexity while enhancing accuracy. For example, only image
sensors may be used in some embodiments. Through use of image sensors or visions systems,
such as one or more cameras, the described model corresponds to improvements and
refinements of vision-based robotic movement and task completion. As will be described, the
machive learning model may obtain images from the tmage sensors and combive (e.g., stitch
or fuse) the information included therein. For example, the information may be combined into
avector space which is then further processed by the machine learning model to extract objects,

signals associated with the objects, and so on.

[6051] Furthermore, and as will be described, to limit occlusion of objects and ensure
substantial range of visibility of objecis, the information may be projected based on a common
virtual camera or virtual perspective. By way of simplifying the explanation, the objects may
be positioned 1n the vector space according to their position as would be seen by the common
virtual camera. For example, the virtual camera may be set at a certain height above a robot
having visions systems. o this example, the vector space may depict objects proximate to the
robot as would be seen by a camera at that height (e g, pointing forward or angled-forward).
Another example technigue may rely upon a birds-eye view of objects positioned about a robot.
For example, the birds-eye view may view objects as would be positioned based on a virtual

camera pointing downwards at a substantial height.

[60632] v some embodiments or scenarios, processing the actual image data or
processed virtual camera image data may have limitations or deficiencies in identification of
objects that may be in the path of travel. In some embodiments, the objects may not be fully
detectable based on the underlying image data. For example, environmental conditions may
cause the trmage data to be inconsistent or otherwise incomplete. In other aspects, the trained
machine learned models may not be configured to detect specific objects, such as physical
objects that may not have been the typical objects found in locomotion models (e.g., movement
models) for the robot but may present some form of physical obstruction in a specific scenario.
For example, temporary equipment or dynamic changing pavicads may not be the type of

object that a vision system would be trained to recognize.
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[8653] Thus, in some embodiments the machine learning model described herein may
be relied upon for detection, determination, identitying of objects or physical obstructions
based on projection or mapping of the vision system data (real or virtual} tnto a three-
dimensional model centered arcund a robot  Hlustratively, the three-dimensional model
corresponds to a representation of the physical space within a defined range of a robot that 13
subdivided into a grid of three-dimensional volumes {e.g, blocks). Such three-dimensional
blocks may be wndividually referred to as voxels. Oune or more machine-learned models can
then correspond to query of the visual information {(e.g., the image space) to make a
characterization of whether individual voxels in the grid of voxels are obstructed. THustratively,
the characterization of each voxel can be considered binary for purposes of the occupancy
network.  Additionally, in some embodiments, the three-dimensional model can associate
attribute data or metric data, such as velocity, orientation, type, related objects, to individual
voxels. Accordingly, the processing results for each analysis of image data relates to an
occupancy network in which one or wore surrounding areas are associaied with a
prediction/estimation of obstructions/objects. Such occupancy network processing results can
be independent of additional vision systern processing technigues in which individual objects

may be detected and characterized from the vision system data.

[6034] The three-dimensional model and associated data may be referred to as an
occupancy network. The occupancy network may be relied upon for detection, determination,
identifying, and so on, of static objects. The cutputs of the described model and the cccupancy
network may be used by, for example, a planning and/or navigation model ot engine to
effectuate autonomous or semi-autonomous locomotion or manipulation.  Additional
description related to the birds-eye view vetwork is included in U.S. Patent Prov. App. No.
63/260439 which is hereby incorporated herein by reference. In such applications, one or more

aspects can be applied in a context of a robot.

[3058]  The machine learning model described herein may include disparate elements
which, in some embodiments, may be end-to-end trained. As will be described, images from
image sensors may be provided to respective backbone networks, In some embodiments, these
backbone networks may be convolutional neural networks which output feature maps for use
fater in the network. A transformer network, such as a self-attention network, may receive the
feature maps and transform the information into an output vector space. For example, the
output vector space may be associated with a virtual camera at various heights. The processed

vector space can then be mapped to the three-dimensional model resulting 1 an organization
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of one or more areas surrounding the robot. In one embodiment, the three-dimensional model
corresponds to a grid of voxels (e g, three-dimensional boxes) that cumulatively model an area
surrounding the robot. Each voxel is characterized by a prediction or probability that the
mapped image data depicts an object/obstruction {e.¢., an occupancy of the individual voxel).
Additionally, each voxel may be associated with additional semantic data, such as velocity data,
grouping criteria, object type data, etc. The semantic data may be provided as part of the
occupancy network. Stll further, in some emwbodiments, individual voxel dimensions may be
further refined, generally referred to as voxel offsets, to distinguish or remove potential
objects/obstructions that may be depicted in the image data but do not present actual
objects/obstructions utilized in navigational or operational controls. For example, voxels
offsets or changes to individual voxel dimension can account for environmental objects (e.g.,
dirt tn the road) that may be depicted in timage data but would not be modeled as an obstruction

the occupancy network.

[6036] Sull further, in some other embodiments, the processing result {e.g., the
occupancy network) can be further refined by utihizing historical information within an
established time frame such that the occupancy network can be updated. In some embodiments,
the update can identify potential discrepancies in occupancy data, such as inconsistencigs in
the characterization of occupancy or non-occupancy within the time frame  Such
inconsistencies may be based on errors or limitations in the vision system data. In another
aspect, the update can identify validations or verifications in the successive occupancy

networks, such as to increase confidence values based on consistent processing results.

[3057]  Therefore, the disclosed technology allows for enhancements to autonomous
locomotion or manipulation models while reducing sensor-complexity. For example, other
sensors {(e.g., radar, Lidar, and so on} may be removed dusing operation of the robots described
herein. As may be appreciated, radar may introduce faults during operation of robots which
may lead to phantom objects being detected. Additionally, hidar may introduce errors in certain
environmental conditions and lead to substantial manufacturing complexity in robots,
Additionally, the additional detection systems may increase the power consumption of the

robot, which may limit usefulness and functionality.

[0058] While description related to an autonomous robot’s locomotion and
manipulation is included herein, as may be appreciated the techniques may be applied o other
autonomous machinery. For example, the machine learning model described herein may be

used, in part, to antonomously operate unrnanned ground vehicles, unimanned aerial vehicles,
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and so on. Additionally, reference o robots may, in some embodiments, is not limited to any
particular type of environment, such construction environments, factories, commercial

facilities, home facilities, public areas, safety and protection environments, and the like.

Block Diaeram — Robot Processing Svstem

[0059] Figure 1A is a block diagram illustrating an example autonomous robot 600
which includes a roultitude of timage sensors 102A-102F and an example processor system 120
The image sensors may include cameras which are positioned about the robot 600. For example,

the cameras may allow for a substantially 360-degree view around the robot 600,

{3068] Theimage sensors may obtain images which are used by the processor system
120 to, at least, determine information associated with objects positioned proximate to the
vehicle 100, The tmages roay be obtained at a particular frequency, such as 30 He, 36 Hz, 60
Hz, 65 Hz, and so on. In some embodiments, certain image sensors may obtain images more
rapidly than other timage sensors. As will be described below, these irmnages may be processed
by the processor system 120 based on the vision-based machine learning model described
herein. For purposes of tllustration, the processing systern 120 is tllustrated as being located
in the area of the robot 600 resembling a buman head. However, such placement is simply

tlhustrative in nature and 15 not required.

[3061]  Inove embodument, a first image sensor A includes three image sensors which
are laterally oftset from each other. For example, the camera housing may inciude three image
sensors which point forward. In this example, a first of the image sensors may have a wide-
angled {e.g., fisheye}lens. A second of the image sensors may have a normal or standard lens
{e.g., 35 mm equivalent focal length, 50 mm equivalent, and so on). A third of the image
sensors may have a zoom or narrow-view lens. In this way, three images of varying focal

lengths may be obtained in the forward direction by the robot 600,

[6062] A second image sensor may be side-facing or rear-facing and positioned on
the left side of the robot 600, Similarly, a third image sensor may also be side-facing or rear-
facing and positioned on the right side of the robot 600, A fourth image sensor may be
positioned such that it points behind the robot 600 and obtains images in the rear direction of
the robot 600 (e.g., assuming the robot 600 1s moving forward).

[6063] While the illustrated embodiments include 1mage sensors, as may be

appreciated additional, or fewer, image sensors may be used and fall within the technigues

described herein.
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[8664] The processor system 120 may obtain images from the image sensors and
detect objects, and signals associated with the objects, using the vision-based machine learning
model described herein. Based on the objects, the processor system 120 may adjust one or
more {ocation or manipulation features or tasks. For example, the processor system 120 may
cause the robot 600 to tum, slow down, implement pre-defined tasks, avoid collisions, select
focation paths, generate alerts, and so on. While not described herein, as may be appreciated
the processor systemy 120 way execute one or more planning and/or navigation engines ot
models which use oufput from the vision-based machine learning model to effectuate

autonomous driving.

[6063] v some embodiments, the processor system 120 may include one or more
matrix processors which are configured to rapidly process information associated with machine
fearning models. The processor system 120 may be used, in some embodiuments, to perform
conveolutions associated with forward passes through a convolutional neural network. For
exarple, input data and weight data may be convolved. The processor system 120 may include
a multitude of multiply-accumulate units which perform the convolutions. As an example, the
matrix processor may use mput and weight data which has been organized or formatted to

facilitate larger convolution operations.

[0066] For example, input data may be in the form of a three-dimensional matrix or
tensor {e.g., two-dimensional data across muliiple 1oput channels). In this example, the output
data may be across multiple output channels. The processor systermn 120 may thus process
targer input data by merging, or flattening, each two-dimensional output channel into a vector
such that the entire, or a substantial portion thereof, channel may be processed by the processor
systern 120, As another example, data may be efficiently re-used such that weight data may
be shared across convolutions. With respect to an output channel, the weight data 106 may

represent weight data {e.g., kernels) used to compute that output channel.

[0067] Additional example description of the processor system, which may use one
or more matrix processors, s included in U8, Patent No. 11,157,287, U.S. Patent No.
11,409,692, and U.S. Patent No. 11,157 441, which are hereby incorporated by reference in

their entirety and form part of this disclosure as if set forth herein.

[0068] Figure 1B is a block diagram illustrating the example processor system 120
determining object/ signal information 124 based on received image tnformation 122 from the

example image sensors.

10
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[8669] The image information 122 includes images from image sensors positioned
about a robot (e g, robot 600). In the illustrated example of Figure 1A, there are 8 image
sensors and thus 8 images are represented in Figure 1B. For example, a top row of the image
information 122 includes three images from the forward-facing image sensors. As described
above, the image information 122 may be received at a particular frequency such that the
ilfustrated images represent a particular time stamp of images. In some embodiments, the
image ioformation 122 may represent high dynamic range (HDR) images. For example,
different exposures may be combined to form the HDR images. As another example, the
images from the image sensors may be pre-processed to convert them into HDR images (e g.,

using a machine learning model}.

[8076] Insome embodiments, each image sensor may obtain multiple exposures each
with a different shutter speed ot integration tume. For example, the different integration times
may be greater than a threshold time difference apart. In this example, there may be three
integration times which are, in some embodiments, about an order of magnitude apart in time.
The processor systerm 120, or a different processor, may select one of the exposures based on
measures of clipping associated with images. In some embodiments, the processor system 120,
or a different processor may form an image based on a combination of the multiple exposures.
For example, each pixel of the formed image may be selected from one of the muluple
exposures based on the pixel not including values (e.g., red, green, blue) values which are

clipped {e.g., exceed a threshold pixel value).

[0071] The processor systemn 120 may execute a vision-based machine learning
model engine 126 to process the image information 122, Agn example of the vision-based
machine learning model is described 1n more detail below. As described herein, the vision-
based machine learning model may combine information included in the images. For example,
each image may be provided to a particular backbone network. In some embodiments, the
backbone networks may represent convolutional neural networks. Outputs of these backbone
networks may then, in some embodiments, be combined (e g, formed into a tensor) or may be
provided as separate tensors to one or more further portions of the model. In some
embodiments, an attention network (e.g., cross-attention) may receive the combination or may
receive input tensors associated with each image sensor. The combined output, as will be
described, may then be provided for analysis, tustratively, a determination of object detection

within the processed 1image data.

11
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18672] As iilustrated 1n Figure 1B, the vision-based machine igarning model engine
126 may output object / signal information 124, This mformation 124 may represent
information identifving objects depicted in the image information 122, For example, the
information 122 may include one or more of positions of the objects {e.g., information
associated with cubotds about the objects), velocities of the objects, accelerations of the objects,

types or classifications of the objects, whether a car object has its door open, and so on.

Examples of the object / signal information 124 are described below, with respect to Figure 2.

[B073]  With respect to cuboids, example information 122 may inchude location
information {e.g., with respect to a common virtual space or vector space), size information,
shape information, and so on. For example, the cuboids may be three-dimensional. Example
information 122 may further include whether an object is crossing into an intended path of
travel for the robot 600, Aun example of the resuiting degree of vision for the robot 600 s

tlustrated in exemplary form in FIG. 1C.

[6074] Additionally, and as will be described, the vision-based machine learning
model engine 126 may process multiple timages spread across time. For example, video
modules may be used to analyze images {e.g , the feature maps produced thereot, for example
by the backbone networks or subsequently in the vision-based machine learming model} which
are selected from within a prior threshold amount of time {e.g., 3 seconds, 5 seconds, 15
seconds, an adjustable amount of time, and so on). In this way, objects may be tracked over
time such that the processor system 120 monitors their location even when temporarily

accluded.

130751 In some embodiments, the vision-based machine learning model engine 126
may output information which forms one or more images. Each image may encode particular
information, such as locations of objects. For example, bounding boxes of objects positioned
about an autonomous robot may be formed into an image. In some embodiments, the
projections 322 and 422 of Figures 3B and 4B may be images generated by the vision-based
machine learning model.

[6076] Figure 2 is a block diagram of an example vision-based machine learning
model which includes at least one processing network 210, The example model may be
executed by an autonomous robot, such as a robot 600, Thus, actions of the model may be

understood to be performed by a processor system (e g., system 120) included in the robot 600
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[8677] In the ilustrated example, images 202A-202F are received by the vision-
based machine learning model. These images 202A-202F may be obtained from image sensors
5 <] 3 &
positioned about the robot, such as image sensors in Fig 1A, The vision-based machine
learning model includes backbone networks 200 which receive respective images as input.
o o
Thus, the backbone networks 200 process the raw pixels included 1n the images 202A-202F.
in some embodiments, the backbone networks 200 may be convolutional neural networks. For

example, there may be S, 10, 15, and so on, convolutional layers in each backbone network.

[3078] In some embodiments, the backbone networks 200 may nclude residual
blocks, recurrent neural network-regulated residual networks, and so on.  Additionally, the
backbone networks 200 may include weighted bi-directional feature pyramud networks
{BiFPN). Cutput of the BiFPNs may represent multi-scale features determined based on the
images 202A-202H. In some embodiments, Gaussian blur may be applied to portions of the
images at training and/or inference time. For example, road edges may be peaky in that they
are sharply defined in images. In this example, a Gaussian blur may be applied to the road
edges to allow for bleeding of visual information such that they may be detectable by a

convolutional neural network.

[6078]  Addonally, certain of the backbone networks 200 may pre-process the
images such as performing rectification, cropping, and so on. With respect to cropping, images
202C from the fisheye forward-faciog lens may be vertically cropped to remove certain
elements included based on the curvature of the robot 600 (e.g., a curvature or protective

mechanisms associated with the robot body).

[3080]  Whith respect to rectification, the robot 600 described herein may be examples
of robots which may be implemented in various environments and implementations. Pue to
tolerances in manufacturing and/or differences in use of the robot 600, the image sensors in the
robots may be angled, or otherwise positioned, shightly differently {(e.g., differences 1n roli,
pitch, and/or vaw}. Additionally, different models of robot 600 may execute the same vision-
based machine iearning model. These different models may have the image sensors positioned
and/or angled differently.  The vision-based machine learning model described herein may be
trained, at least in part, using information aggregated from the robot fleets. Thus, differences
in point of view of the images may be evident due to the slight distinctions between the angles,

or positions, of the image sensors in the robot 600 included in the robot fleets.
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[0681] Thus, rectification may be performed via the backbone networks 200 to
address these differences. For example, a transformation (e.g., an affine transformation) may
be applied to the images 202A-202F, or a portion thereof, to normalize the images. In this
example, the transformation may be based on camera parameters associated with the image
sensors {e.g., image sensors) such as extrinsic and/or intrinsic parameters.  In some
embodiments, the image sensors may undergo an initial, and optionally repeated, calibrated
step. For example, as a robot conducts tocation or manipulation tasks the cameras roay be
calibrated to ascertain camera parameters which may be used in the rectification process. In
this example, specific markings (e g., path symbols) may be used to inform the calibration.
The rectification may optionally represent one or more layers of the backbone networks 200,

in which values for the transformation are learned based on training data.

130821  The backbone networks 200 may thus output feature maps (e g., tensors)
which are used by the processing network 210, In some embodiments, the output from the
backbone networks 200 may be combined into a matrix or tensor. In some embodiments, the
output may be provided as a muititude of tensors (e.g., 8 tensors in the tllustrated example) to
the processing network 210, In the illustrated example, the output 1s referred to as vision

information 204 which is input into the networks 210,

[6083] The cutput tensors from the backbone networks 200 may be combined (e g,
fused) together into respective virtual camera spaces {e.g., a vector space) via the processing
network 210. The image sensors positioned about the robot 600 may be at different heights of
the robot. For exaraple, the left and right image sensors may be positioned higher than the
front and rear image sensors. Thus, to allow for a consistent view of objects positioned about
the robot 600, the virtual camera space may be used. As described above, the processing

network 210 may use or more virtual camera spaces.

[0684] For certain wformation determined by the vision-based machine learning
model, the autonomous robot’s kinematic information 206 may be used. Exarmple kinematic
information 206 may include the robot 600 velocity, acceleration, vaw rate, and so on. In some
embodiments, the images 202A-202F may be associated with kinematic information 200
determined for a time, or similar time, at which the images 202A-202F were obtained. For
example, the kinematic information 206, such as velocity, yaw rate, acceleration, may be

encoded {e.g., embedded into latent space), and associated with the 1mages.
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[B085] With respect to determining velocity of one or more objects, such as a robot,
the vision-based machine learning model may thus use the autonomous robot’s own velocity
when determining the object’s relative velocity. In addition, the processing network 210 may
process images at a particular frame rate. Thus, sequential images may be obtained which are
at a sarve, of substantially same, time delt apart. Based on this information, the processing

network 210 may be trained to estimate the relative velocity of objects.

[0086] Example cutput from the processing network 210 may represent information
associated with objects, such as location {e.g., position with a virtual camera space}, depth, and
so on. For example, the information may relate to cuboids associated with objects positioned
about the robot 600, The output may also represent signals which are utilized by the processor
system 1o autonomous drive the robot 600, Example signals may include an indication of
portions of the processed vision sigoals can be characterized as depicting an object or not an

object.

[6087] The output may be generated via a forward pass through the networks 210, In
some embodiments, forward passes ray be computed at a particular frequency {(e.g., 24 Hz, 30
Hz, and so on}. In some embodiments, the output may be used, for example, via a planning
engine. As an example, the planning engine may determine driving actions to be perforrued
by the autonomous robot {e.g., accelerations, turns, braking, and so on} based on the periscope

and panoramic views of the real-world environment.

[0088] As further shown in FIG. 2, the output of the processing network will be
utilized as inputs to the modeling network 220, The output of the modeling network 220 can
then correspond to processing resulis corresponding to a modeled occupancy network, As
previously discussed, the modeled occupancy network corresponds to a mapped three-
dimensional model resulting tn an organization of one or more areas surroundiog the robot. In
one embodiment, the three-dimensional model corresponds to a grid of voxels (e.g., three-
dimensional boxes) that cumulatively model an area surrounding the robot 600, Each voxel s
characterized by a prediction or probability that the mapped image data depicts an
object/obstruction {(e.g., an occupancy of the individual voxel). Additionally, each voxel may
be associated with additional semantic data, such as velocity data, grouping criteria, object type
data, etc. The semantic data may be provided as part of the occupancy network. Still further,
in some erbodiments, individual voxel dimensions may be further refined, generally referred
to as voxel offsets, to distinguish or remove potential objects/obstructions that may be depicted

in the image data but do not present actual objects/obstructions utilized in navigational or

15



WO 2024/072984 PCT/US2023/034009

operational controls. For example, voxels offsets or changes to individual voxel dimension
can account for environmental objects (e g., dirt in the manutacturing location) that may be

depicted in image data but would not be modeled as an obstruction the occupancy network,

[0089]  Sull further, in some other embodiments, the processing result {e.g., the
occupancy network) can be further refined by utilizing historical information within an
established time frame such that the occupancy network can be updated. In some embodiments,
the update can identify potential discrepancies tn occupancy data, such as inconsistencies in
the characterization of occupancy or non-occupancy within the time frame.  Such
inconsistencies may be based on errors or limitations in the vision system data. In another
aspect, the update can identity validations or verifications in the successive occupancy

networks, such as to increase confidence values based on consistent processing results.

[0096] FIG 3 1s a block diagram of the processing network 210, As described 1o
FIG 2, the processing network 210 may be used to generate vision image data from one or more
cameras or visions systems. In the illustrated example, vision information 204 from the

backbone networks {(e.g , networks 200} s provided as input into a fixed projection engine 302,

[6691] The fixed projection engine 302 may project information into a virtual camera
space associated with a virtual camera.  As described above, the virtual camera may be
positioned at T meter, 1.5 meters, 2.5 meters, and so on, above an autonomous robot executing
the vision-based machine learning model. Without being constrained by way of theory, it may
be appreciated that pixels of input tmages may be mapped iuto the virtual camera space. For
example, a lockup table may be used in combination with extrinsic and intrinsic camera

parameters associated with the tmage sensors {e. g, tmage sensors in FIG. TA).

{00921  As an example, each pixel mayv be associated with a depth in the virtual
camera space. Each pixel may represent a ray out of an image, with the ray extending in the
virtual camera space. For a given pixel, a depth roay be assumed or otherwise identified. With
respect to the ray, the fixed projection engine 302 may identify two different depths along the
ray from the given pixel. Io some embodiments, these depths may be at 5 meters and at 50
meters. In other embodiments, the depths may be at 3 meters, 7 meters, 45 meters, 52 meters,
and 30 on. The processor system 120 may then form the virtual camera space based on
combinations of these rays for the pixels of the images. As may be appreciated, the position
of a pixel in an input image may substantially correspond with a position in g tensor or tensors

which form the vision information 204,
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[8693] In some embodiments, the vector space may be warped by the processing
network 210 such that portions of the three-dimensional vector space are enlarged. For
example, objects depicted in a view of a real-world environment as seen by a camera positioned
at 1.5 meters, 2 meters, and 50 on may be warped by the processing network 210, The vector
space roay be warped such that portions of interest may be enlarged or otherwise made more
prominent. For example, the width dimension and height dimension may be warped to elongate
objects.  To effectuate this warping, training data may be used where the labeled output is
object positions which have been adjusted according to the warping. Additionally, the fixed
projection engine 302 may warp, for example, the height dirnension to ensure that objects are

enlarged according to at {east one dimension.

[80%4] Output from the fixed projection engine 302 is provided as input to the frame
selector engine 304, To ensure that objects are able to be tracked through time, even while
temporarily occluded, the vision-based machine learning model can utilize a multitude of
frames during a forward pass through the model. For example, each frame may be associated
with a time, or short range of times, at which the tmage sensors are iriggered to obtain images.
Thus, the frame selector engine 304 may select vision information 204 which corresponds to

images taken at different times within a prior threshold amount of time.

[6095] For example, the vision information 204 may be output by the processor
system 120 at a particular frame rate (e.g, 20 Hz, 24 Hz, 30 Hz). The vision information 204,
subsequent to the fixed projection engine 302, may then be queued or otherwise stored by the
processor system 120 For exarple, the vision information 204 may be ternporally indexed.
Thus, the frame selector engine 304 may obtain vision information from the queue or other
data storage element. In some embodiments, the frame selector engine 304 may obtain 12, 14,
16, and so on, frames {e.g., vision information associated with 12, 14, or 16-time stamps at
which images were taken) spread over the previcus 3, 5, 7, 9, seconds. In some embodiments,
these frames may be evenly spaced part in time over the previous tune period. While
description of trames is included herein, as may be appreciated the feature maps associated
with image frames taken at a particular timne, or within short range of times, may be selected
by the frame selector engine 304

[80%6] Output from the frame selector engine 304 may, in some embodiments,
represent a combination of the above-described frames 306A-N. For example, the output roay
be combined to form a tensor which is then processed by the remainder of the processing

network 210,
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[8697] For exampie, the output 300A-N (temporally indexed features) may be
provided to a multitude of video modules. In the illustrated example, two video modules 308A-
308B are used. The video modules 308A-308B may represent convolutional neural networks,
which may cause the processor system 120 to perform three-dimensional convolutions. For
example, the convolutions may cause mixing of space and time dimensions. In this way, the
video modules 308A-3088 may allow for tracking of movement and objects over times. In
some embodiments, the video modules may rvepresent attention networks {e.g., spatial

attention).

[6098] With respect to video module 308A, kinematic information 206 associated
with the autonomous robot executing the vision-based machive learning model may be input
into the module 308A. As described above, the kinematic information 206 may represent one
or more of acceleration, velocity, vaw rate, turning information, braking information, and so
on. The kinematic information 206 may additionally be associated with each of the frames
300A-N selected by the frame selector engine 304, Thus, the video module 308A may encode
this kinematic information 206 for use 1in determining, as an example, velocity of objects about
the robot 600. With respect to the processing network 210, the velocity may represent

allocentric velocity.

[3099] The processing network 210 includes heads 310, 312, to determine different
information associated with objects. For exarmple, head 310 rmay determine velocity associated
with objects while head 312 may determine position information and so on as illustrated in

Figure 2.

{30106} In general, the vision-based machine learning model described herein may
include a multitude of trunks or heads. As known by those skilled in the art, these trunks or
heads {collectively referred to herein as heads) may extend from a commoun portion of a veural
network and be trained as experts in determining specific information. For example, a first
head may be trained to output respective velocities of objects positioned about a robot. As
another example, a second head may be trained to cutput particular signals which describe
features, or information, associated with the objects. Example signals may include whether a

niearby door is opened or ajar,

006161} In addition to being experts in specific information, the separation into
ditferent heads allows for piecemeal fraining to quickly incorporate new training data.  As new

training information is obtained, portions of the machine learning model which would most
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benefit from the training information may be quickly updated. In this example, the training
information may represent images or video chips of specific real-world scenarios gathered by
robots i real-world operation. Thus, a particular head or heads may be trained, and the weights
included in these portions of the network may be updated.  For example, other portions (e g,
earfter portions of the network} may not have weights updated to reduce a training time and

time to updating robot 600,

{00162} In some embodiments, training data which is directed to one or more of the
heads may be adjusted to focus on those heads. For example, images may be masked {(e.g.,
foss masked) such that only certain pixels of the images are supervised while otherwise are not
supervised. In this exarople, certain pixels may be assigned a value of zero while other pixels
may maintain their values or be assigned a value of one. Thus, if training images depict a rarely
seen object {e.g., a relatively new form of object) or signal (e.g., a known object with an
irregular shape) then the training images may optionally be masked to focus on that object or
signal. During training, the error generated may be used to train for the loss in the pixels which
a labeler has associated with the object or signal. Thus, only a head associated with this type

of object or signal may be updated.

[30183] To ensure that sufficient training data 1s obtained, the robot 600 may
optionally execute classifiers which are triggered to obtain images which satisfy certain
conditions. For example, robots operated by end-users may automatically obtain training
images which depict, for example, tire spray, rainy conditions, snow, fog, fire soke, and so on.
Further description related to use of classifiers is described 1w U.S. Patent Pub. No.
2021/0271259 which is hereby incorporated herein by reference 1n s entirety as if set forth

herein.

[60104] FIG 41sablock diagram of the modeling network 220, As described 10 FIG 2,
the modeling network 220 may be used to generation three~-dimensional models from tnputted
vision information, such as processing network 210, The mapping engine 402 can be utilized
to map feature data from the inputted image data and project the inputted data into the three-
dimensional models. As described above, the modeled occupancy network corresponds to a
mapped three-dimensional model resulting in an organization of one or more areas surrounding
the robot. In one embodiment, the three-dimensional model corresponds to a grid of voxels

{e.g., three-dimensional boxes) that cumulatively model an area surrounding the tobot 600
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[66165] Output from the mapping engine 402 is provided as input to the query
engine 404 For each voxel in the grid of voxels, the query engine 404 tllustratively queries the
image data 1o determine whether an object/obstruction is depicted or detected in the image data.
As previously described, the determination of an object or obstruction {e.g., occupancy} is a
binary decision. For example, any portion of the voxel that is associated with an
object/cbstruction may indicate that the voxel is “occupied” regardless of whether the entire

voxel 15 encompasses or fills the voxel.

[30106] Output from the query engine 404 may be provided to processing engine 406
for additional processing. In one aspect, the processing engine 406 can implement voxel offset
or change in dunensions for the modeled gnd. Tlustratively, although the determination of
voxel occupancy is considered binary, the processing engine 406 can be configured to adjust
dimensions of individual voxels such that the occupancy network that is provided for
navigational or control information may better approximate the details or contours of the
objects or obstructions. This is opposed to a more geometric shaped approximation that would
result if the voxel dimensions remain static. In another aspect, the processing engine 406 can
also group sets of voxels or create semantics that may associate voxels characterized as being
part of the same object. Hustratively, an object/obstruction may span multiple modeled voxel
spaces such that each voxel is individually considered “occupied” The model can further
inchude organization information or type identifters that allow command and control

components to consider voxels associated with the same object for decision.

[001067] As further tllustrated in FIG. 4, a metric engine can also receive and calculate
vartous metrics or additional semantic data for each voxel. Such metric data or semantic data
can include, butis not himited to, velocity, orientation, type, related objects, to individual voxels.
Hlustratively, the generation of the three-dimensional model does not need to distinguish
between objects that are static in nature and objects that are dynamic in nature. Rather, for
each time instance of vision data, the three-dimensional model can consider voxels as being
occupied or not occupied. However, the command-and-control mechanisms may wish to under
the kinematic nature of the object (e.g, static vs. dynamic). Accordingly, the occupancy
network (which is independent of dynamic} can associate the voxel data with additional

metrics/semantics that can facilitate the use of the occupancy network processing result.

[30108] Accordingly, the processing results for each analysis of image data relates to
an occupancy network in which one or more surrounding areas are associated with a

prediction/estimation of obstructions/objects. Such occupancy network processing results can
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be independent of additional vision system processing technigues in which individual objects

may be detected and characterized from the vision system data.

Robot Block Diseram and Architeciure

[60169] FIG. 5A sHustrates a block diagram of a robot 600, The robot 600 may include
one or more motors 602 which cause movement of one or more actuators of manipulation joints
604. The one or more actuators 604 can be associated with each joint of each appendage or
limb of'the robot 600. For example, in certain embodiments, each limb can comprise a plurality
of joints or links with each joint comprising a plurality of actuators {e.g., one or more rotary
actuators and one or more linear actuators). In certain embodiments, the one or more rotary
actuators allow rotation of a link about a joint axis of an adjacent link. In certain embodiments,

the one or more linear actuators allow a translation between links.

{80118} In certain embodiments, one or more limbs (e g, arm, leg) each comprise a
series of rotary actuators. o certain embodiments, a first rotary actuator 1s associated with a
shoulder or hip, a second rotary actuator is associated with an elbow or knee, and a third rotary
actuator 18 associated with a wrist or ankle. Of course more or less than three rotary actuators

can be employed within a single limb and still fall within the scope of this disclosure.

{60111} In certain embodiments, the one or more limbs (g, arm, leg) further
comprise a series of linear actuators. In certain erobodirnents, a first linear rotary actuator is
associated with the shoulder or the hip, a second linear actuator is associated with the elbow or
the knee, and the third linear actuator is associated with the wrist or the ankle. Of course more
or less than three linear actuators can be employed within a single lumb and st} fall within the

scope of this disclosure.

100112} Hlustrative examples of the actuators or manipulation jounts 604 are shown 1o
FIGS. 5B and 5C. In certain embodiments, the robot 600 comprises twenty-eight actuators 604,
Of course more or less than twenty-eight actuators can be employed by the robot 600 and sull
fall within the scope of this disclosure. In certain embodiments, the number and location of
the actuators 604 1n any given limb is selected so that the limb achieves six degrees of freedom

(e.g., forward/back, up/down, left/right, vaw, pitch, roll}.

{60113} In certain embodiments, the one or more motors 602 can be electric,
pneumatic, or hydraulic. Electric motors may include, for example, induction motors,

permanent magnet motors, and so on. In certain embodiments, the one or more motors 602
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drive one or more of the actuators 604, In certain embodiments, a motor 602 is associated with

each actuator 604.

[30114] An exemplary embodument of a rotary actuator 500 1s shown 1o FIGs. SE, 5G,
and 51 In some embodunents, the rotary actuator 500 can include a mechanical clutch 502 and
angular contact ball bearings 504 coupled to a shaft 506 and integrated on a high speed side
510 of the rotary actuator 500. In some embodiments, the rotary actuator 500 can include a
cross roller bearing S12 on a low speed side 520 of the rotary actuator 500, In some
embodiments, the rotary actuator 500 can include strain wave gearing 514 positioned between
the high speed side 510 and the low speed side 520. In some embodiments, the rotary actuator
500 can further include magnets 516 coupled to an outer surface of the rotor 513, In some
embodiments the rotary actuator 500 can also include one or more sensors, €.g., an input
position sensor S22 configured to detect angular positions on the high speed side 510 of the
rotary actuator 500 and an output position sensor 524 configured to detect angular positions on
the low speed side 520 of the rotary actuator 500, and a non-contact torgue sensor SR

configured to monitor output torque of the rotary actuator 500,

[00115] An exemplary embodiment of a linear actuator 550 is shown in FIGs. 5F, 5H,
51 In some embodiments, the linear actuator 550 can include planetary rollers S52 positioned
on the low speed {or linear) side 360 of the linear actuator 550 and positioned between an
actuator shaft 561 of the low speed side S60 and a rotor 574 of a high speed {or rotary) side
570 1o provide stability. In some emboduments, the linear actuator 550 can include an nverted
roller screw 554 that functions as a gear train between the low speed side 560 and the high
speed side 570 of the linear actuator 550 to allow efficiency and durability. In some
embodiments, the linear actuator 550 can further include a ball bearing 562 proximate one end
of the high speed side 570 of the linear actuator 550 and a 4-point contact bearing 564
proximate ancther end of the high speed side 570 of the linear actuator 550, both positioned
between the rotor 574 of the high speed side 570 and an enclosure 575 of the linear actuator
550. In some embodiments, the linear actuator 550 can also include a stator 572 coupled to the
enclosure 575, In some embodiments, the linear actuator 550 can include magnets 566 coupled
to an outer surface of the rotor 574, In some embodiments, the linear actuator 350 can also
include one or more sensors, €.g., a force sensor 567 attached to a main shaft 580 of the linear
actuator 550 and configured to monitor a force on the main shaft 580, and a position sensor

568 attached to the enclosure 575 and configured to detect angular position of the rotor 574,
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[60116] Batteries 606 can include one or more battery packs each comprising a
multitude of batteries may be used to power the electric motors as is known by those skilled in
the art. FIG. 5D illustrates a battery pack integrated into a robot 600 illustrating a vertically

oriented battery back with protective coverings.

{60117} The robot 600 further includes a communication backbone 608 that is
configured to provide communication functionality between the processor(s) 610, motors 602,
actuators 604, battery components 606, sensors, etc. The communication backbone 608 can
thustratively be configured to directly connect the components via a common backbone
channel that can form one or more communication loops. Such interaction allows for
redundancy and failures in individual components without also causing failures in the ability

for other components to communicate.

[00118] Additionally, the robot includes the processor system 120 which processes
data, such as images received from tmage sensors positioned about the robot 600, The
processor system 120 may additionally output information to, and receive information {e.g.,

user input}.

[80119] FIG. 6 illustrates targets and methodology for movement of an exemplary
actuator 604 (e g, left hip vaw) illustrated in Figure 5B and SC including actuator torque and
speed. FIG. 7 tllustrates a single association between the targets and methodology illustrated
in FIG. 6 with system cost and actuator mass. FIG. 81s simntlar to FIG. 7 but includes a plurality
of associations for use to select an optimized design for the actuator. FIG. 9 illustrates
performance aspects related to the torque and speed for the movement of the actuator for the

joint {e.g., left hip yaw) from FIG. 6.

{30128 In one aspect, a method of selecting actuators is disclosed herein. As shown
in F1(s. 6-9, various analysis can be conducted for each type of movement at each location or
joint of the robot 600 to deterroine what actuator is to be used at each location of the robot 600,
As iHlustrated in FIG. 10, performance graphs {e.g., graphs of system cost) can be created for
each type of movement of each location {(e.g., right shoulder yaw, right shoulder roll, or right
shoulder pitch). In some embodiments, the method of selecting actuators can include creating
such performance graphs for a plurality of types of movement of a plurality of locations of the
robot 600, and then group the movement types of the vartous locations by thetr commonalities.
In some embodiments, the performance graphs for the plurality of types of movement of the

plurality of locations can be grouped into six types, each corresponds to a different actuator.
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For example, as illustrated in Fig. 10, an actuator system disclosed herein can include one or
more first type of actuators 1002 positioned at torso, shoulder, and hip locations of the robot,
one or more second type of actuators 1004 positioned at wrist locations of the robot, one or
more third type of actuators 1006 positioned at the wrist locations of the robot, one or more
fourth type of actuators 1008 positioned at elbow and ankle locations of the robot, one or more
fitth type of actuators 1010 positioned at the torsc location and the hip locations of the robot,
and one or more sixth type of actuators 1012 positioned at knee locations and the hip locations

of the robot.

001213 All of the processes described herein may be embodied in, and fully
automated, via software code modules executed by a computing system that includes one or
more computers or processors. The code modules may be stored in any type of non-transitory
computer-readable medium or other computer storage device. Some or all the roethods ray

be embodied in specialized computer hardware.

[60122] Many other variations than those described herein will be apparent from this
disclosure. For example, depending on the embodument, certain acts, events, or functions of
any of the algorithms described herein can be performed in a different sequence or can be added,
merged, or left out altogether (for example, not all described acts or events are necessary for
the practice of the algorithms). Moreover, in certain embodiments, acts or events can be
performed concurrently, for example, through multi-threaded processing, interrupt processing,
or multiple processors or processor cores or on other parallel architectures, rather than
sequentially. In addition, different tasks or processes can be performed by different machines

and/or computing systems that can function together.

[60123] The various illustrative logical blocks, modules, and engines described in
connection with the embodiments disclosed herein can be implemented or performed by a
machine, such as a processing unit or processor, a digital signal processor (BSP}, an application
specific integrated circuit (ASIC), a field programmable gate array (FPGA) or other
programmable logic device, discrete gate or transistor logic, discrete hardware components, or
any combination thereof designed to perform the functions described herein. A processor can
be a microprocessor, but in the alternative, the processor can be a controlier, microcontrolier,
or state machine, combinations of the same, or the like. A processor can include electrical
cirenitry configured to process computer-executable instructions. In another erobodiment, a
processor includes an FPGA or other programmable device that performs logic operations

without processing computer-executable instructions. A processor ¢an also be implemented as
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a combination of computing devices, for example, a combination of a DSP and a
microprocessor, a plurality of microprocessors, one or MOre MICTOProcessors in conjunction
with a DSP core, or any other such configuration. Although described heretn primarily with
respect to digital technology, a processor may also include primarily analog components. For
exaruple, sore or all of the signal processing algorithms described herein may be implemented
in analog circuitry or mixed analog and digital circutiry. A computing environment can include
any type of computer system, including, but not hmited to, a computer system based on a
microprocessor, a mainframe computer, a digital signal processor, a portable computing device,

a device controller, or a computational engine within an appliance, to name a few.

{80124} Conditional language such as, among others, “can,” “could” “might” or
“may,” unless specifically stated ctherwise, are understood within the context as used in
general to convey that certain embodiments woclude, while other erabodiments do not 1nclude,
certain featres, elements and/or steps. Thus, such conditional language is not generally
intended to imply that features, elements and/or steps are in any way required for one or more
embodiments or that one or more embodiments necessarily include logic for deciding, with or
without user input or prompting, whether these features, elements and/or steps are included or

are 10 be performed in any particular embodiment.

[60125] Disjunctive language such as the phrase “at least one of X, Y, or 2.7 unless
specifically stated otherwise, 1s understood with the context as used o general to present that
an item, term, etc., may be either X\ Y, or 7, or any combination thereof {for example, X, Y,
and/or Z}. Thus, such disjunctive language is not generally intended to, and should not, imply
that certain embodiments require at least one of X, at least one of Y, or at least one of Z to each

be present.

[60126] Any process descriptions, elements or blocks n the flow diagrams desciibed
herein and/or depicted 1n the attached figures should be understood as potentially representing
modules, segments, or portions of code which include one or more executable instructions for
implementing specific logical functions or elements in the process. Alternate implementations
are included within the scope of the embodiments described herein in which elements or
functions may be deleted, executed out of order from that shown, or discussed, including
substantially concurrently or in reverse order, depending on the functionality involved as would

be understood by those skilled in the art.
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186127} Unless otherwise explicitly stated, articles such as “a” or “an” should
generally be mterpreted to include one or more described items. Accordingly, phrases such as
“a device configured to” are intended to include one or more recited devices. Such one or more
recited devices can also be collectively configured to carry out the stated recitations. For
exaruple, “a processor configured to carry out recitations A, B and C7 can clude a first
processor configured to carry out recitation A working in conjunction with a second processor

configured to carry out recitations B and C.

[30128] It should be emphasized that many varnations and modifications may be made
to the above-described embodiments, the elements of which are to be understoond as being
among other acceptable examples. Al such modifications and variations are intended to be

included herein within the scope of this disclosure.
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WHAT IS CLAIMED IS;

i, A system of movement control of a robot using actuators, the system
comprising:

one or more first type of actuators positioned at torso, shoulder, and hip
focations of the robot;

one or more second type of actuators positioned at wrist locations of the robot;

one or more third type of actuators positioned at the wrist locations of the
robot;

one or more fourth type of actuators positioned at elbow and anlkde locations of
the robot;

one or more fifth type of actuators positioned at the torso location and the hip
{ocations of the robot; and

one or more sixth type of actuators positioned at knee locations and the hip
locations of the robot.

2. The system of Claim 1, further comprising one or more motors configured to
cause movement of the one or more actuators.

3. The system of Claim 2, further comprising one or more batteries positioned at
the torso location of the robot and conuected to the one or more motors.

4 The system of Claim 3, further comprising a communication backbone
communicatively connected to the one or more actuators and the one or more motors.

5. The system of Claim 4, further comprising a processor communicatively
connected to the communication backbone.

6. They system of Claim 5, wherein the one or more batteries are connected o
the communication backbone.

7. They system of Claim 5, wherein the communication backbone is configured
to allow communication between the processor, the motor, and sensors on the actuators.

8. The system of Claim 7, wherein the processor is configured to control the one
or more motors and receive information from the sensors on the actuators through the
communication backbone.

9. The system of Claim 1, wherein one or more of the first type, the second type,
the third type, the fourth type, the fifth type, and the sixth type of actuators comprises rotary
actuators.

0. The system of Claim 9, wherein at least one of the rotary actuators comprises

a mechanical latch.
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11 The system of Claim 1, wherein one or more of the first type, the second type,
the third type, the fourth type, the fifth type, and the sixth type of actuators comprises linear
actuators.

12, The system of Claim 11, wherein at least one of the linear actuators comprises
planetary rollers,

13 A method of controlling movement of a robot using actuators, the method
comprising:

controlling torso, shoulder, and hip locations of the robot with one or more
first type of actuators;

controlling wrist focations of the robot with one or more second type of
actuators;

controtiing the wrist locations of the robot with one or more third type of
actuators;

controlling elbow and ankle locations of the robot with one or more fourth
type of actuators;

controlling the torso location and the hip locations of the tobot with one or
more fifth type of actuators; and

controlling knee locations and the hip locations of the robot with one or more
sixth type of actuators.

14 The method of Claim 13, further comprising controlling the one or more
actuators with one or more motors.

15 The method of Claim 14, further comprising providing power to the one or
more motors with one or more batteries positioned at the torso location of the robot.

16, The method of Claim 15, further comprising communicatively connecting the
one of more actuators and the one or more motors with a cornmunication backbone.

17. The method of Claim 16, further comprising communicatively connecting the
communication backbone to a processor.

18. They method of Claim 17, further comprising providing power to the
communication backbone with the one or more batteries.

19. The method of Claim 19, further comprising controlling the one or more
motors and receiving information from the sensors on the actuators with the processor
through the communication backbone.

20. The method of Claim 13, wherein one or more of the first type, the second

type, the third type, the fourth type, the fifth type, and the sixth type of actuators comprises
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rotary actuators; and wherein one or more of the first type, the second type, the third type, the

fourth type, the fifth type, and the sixth type of actuators comprises linear actuators.
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