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SIGNALS

RELATED APPLICATIONS

This application claims priority under 35 U.S.C. § 119(e)
to U.S. Provisional Application Ser. No. 62/621,838, entitled
“CALIBRATION TECHNIQUES FOR HANDSTATE
REPRESENTATION MODELING USING NEUROMUS-
CULAR SIGNALS,” filed on Jan. 25, 2018, which is
incorporated by reference in its entirety.

BACKGROUND

In some computer applications that generate musculoskel-
etal representations of the human body, it is desirable for the
application to know or infer the spatial positioning, orien-
tation and movement of a user’s body to provide a realistic
representation of body movement. For example, in a virtual
reality (VR) environment, tracking the spatial position of the
user’s hand enables the application to represent hand motion
in the VR environment, which allows the user to interact
with (e.g., by grasping or manipulating) virtual objects
within the VR environment. Some existing techniques for
tracking movements of a user’s body using wearable sensors
include using information obtained from multiple Inertial
Measurement Units (IMUs) affixed to different parts of the
user’s body, and using external imaging devices (e.g., fixed-
position cameras) to reconstruct the position and orientation
of parts of the user’s body.

SUMMARY

Some embodiments are directed to predicting information
about the positioning and movements of portions of a user’s
body (e.g., arm and/or hand) represented as a multi-segment
articulated rigid body system with joints connecting the
multiple segments of the rigid body system. Signals
recorded by wearable neuromuscular sensors placed at loca-
tions on the user’s body are provided as input to a statistical
model trained to predict estimates of the position (e.g.,
absolute position, relative position, orientation) and forces
associated with a plurality of rigid segments in a computer-
based representation (e.g., a musculoskeletal representation
associated with a hand) when a user performs one or more
movements. The combination of position information and
force information associated with segments of a musculo-
skeletal representation associated with a hand is colloquially
referred to herein as a “handstate” of the musculoskeletal
representation. As a user performs different movements, a
trained statistical model interprets neuromuscular signals
recorded by the wearable neuromuscular sensors into posi-
tion and force estimates (handstate information) that are
used to update the computer-based representation. As the
neuromuscular signals are continuously recorded, the com-
puter-based representation is updated in real time and a
visual representation (e.g., of a hand within a virtual reality
environment) is optionally rendered based on the current
handstate estimates.

Other embodiments are directed to a computerized system
configured to calibrate performance of one or more statis-
tical models used to generate a musculoskeletal representa-
tion. The system comprises a user interface configured to
instruct a user to perform at least one gesture while wearing
a wearable device having a plurality of neuromuscular
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sensors arranged thereon, and at least one computer proces-
sor. The at least one computer processor is programmed to
control presentation of instructions via the user interface to
instruct the user to perform the at least one gesture; and
update at least one parameter of the one or more statistical
models based, at least in part on a plurality of neuromuscular
signals recorded by the plurality of neuromuscular sensors
during performance of the at least one gesture by the user.

Other embodiments are directed to a computerized system
configured to calibrate performance of one or more statis-
tical models used to generate a musculoskeletal representa-
tion. The system comprises at least one computer processor
programmed to identify, based on an output of the one or
more statistical models, at least one gesture characteristic
that the one or more statistical model is poor at estimating,
initiate a calibration routine to update at least one parameter
of the one or more statistical models to improve the perfor-
mance of the one or more statistical models to accurately
predict the at least one identified gesture characteristic,
receive a plurality of neuromuscular signals recorded by a
plurality of neuromuscular sensors during performance of at
least one gesture that includes the at least one gesture
characteristic, and update the at least one parameter of the
one or more statistical models based, at least in part on a
plurality of neuromuscular signals recorded by the neuro-
muscular sensors during performance of the at least one
gesture by the user.

In one aspect, the at least one computer processor is
further programmed to update at least one parameter of the
one or more statistical models based, at least in part, on
predetermined estimates of one or more of position infor-
mation, force information, and neuromuscular information
for the at least one gesture.

In another aspect, the at least one computer processor is
further programmed to: control at least one external device
to capture at least one measurement of position and/or force
information during performance of the at least one gesture;
and update the at least one parameter of the one or more
statistical models based, at least in part, on the at least one
measurement of position and/or force information.

In another aspect, the at least one external device com-
prises an imaging device configured to capture at least one
image, and the at least one measurement of position is
determined based, at least in part, on the at least one image.

In another aspect, the at least one external device com-
prises an inertial measurement unit.

In another aspect, the at least one external device com-
prises a plurality of external devices, each of which is
configured to capture at least one measurement of position
and/or force information during performance of the at least
one gesture, and the at least one computer processor is
further programmed to: combine the at least one measure-
ment of position and/or force information captured by each
of the plurality of external devices; and update the at least
one parameter of the one or more statistical models based,
at least in part, on the combined measurements of position
and/or force.

In another aspect, updating the at least one parameter of
the one or more statistical models comprises training the one
or more statistical models based, at least in part, on the
plurality of neuromuscular signals recorded by the neuro-
muscular sensors during performance of the at least one
gesture by the user.

In another aspect, the one or more statistical models
include a trained statistical model, and updating the at least
one parameter of the one or more statistical models com-
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prises adjusting one or more parameters provided as input to
the trained statistical model without retraining the trained
statistical model.

In another aspect, the at least one computer processor is
further programmed to provide feedback to the user, and the
feedback indicates to the user whether the performance of
the at least one gesture has been performed as instructed.

In another aspect, providing feedback to the user com-
prises providing visual feedback.

In another aspect, instructing the user to perform at least
one gesture comprises instructing the user to perform a
predetermined set of gestures.

In another aspect, controlling presentation of the instruc-
tions via the user interface comprises instructing the user to
perform the gestures of the predetermined set in succession.

In another aspect, the at least one computer processor is
further programmed to select a new gesture to be performed
by the user.

In another aspect, selecting a new gesture to be performed
by the user comprises randomly selecting the new gesture
from a set of gestures.

In another aspect, selecting a new gesture to be performed
by the user comprises selecting a gesture previously per-
formed by the user.

In another aspect, the at least one computer processor is
further programmed to: identify, based on an output of the
one or more statistical models, at least one gesture charac-
teristic that the one or more statistical model is poor at
estimating; and select the new gesture to be performed by
the user based on the identified at least one gesture charac-
teristic.

In another aspect, the at least one gesture characteristic
comprises a plurality of gesture characteristics, and selecting
the new gesture to be performed by the user based on the
identified at least one gesture characteristic comprises
selecting a new gesture that includes the plurality of gesture
characteristics.

In another aspect, each of a first gesture and a second
gesture in a set of gestures includes at least two of the
plurality of gesture characteristics, and selecting the new
gesture to be performed by the user comprises selecting the
first gesture as the new gesture when the first gesture
includes more of the plurality of gesture characteristics than
the second gesture.

In another aspect, the at least one computer processor is
further programmed to: control presentation of instructions
via the user interface to instruct the user to perform the new
gesture; and update at least one parameter of the one or more
statistical models based, at least in part on the plurality of
neuromuscular signals recorded by the neuromuscular sen-
sors during performance of the new gesture by the user.

In another aspect, the instructions provided via the user
interface includes at least one user-interpretable instruction.

In another aspect, the at least one user-interpretable
instruction comprises a percentage of force exerted by one
or more portions of a hand of the user.

In another aspect, the at least one user-interpretable
instruction comprises a percentage of maximum force
exerted by pinching at least two fingers of the hand.

In another aspect, the at least one computer processor is
further programmed to provide feedback to the user, wherein
the feedback indicates to the user a response of the one or
more statistical models to performance of the at least one
gesture by the user based on the user-interpretable instruc-
tion.
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In another aspect, the at least one computer processor is
further programmed to render a visual representation asso-
ciated with the hand based on an output of the one or more
statistical models.

In another aspect, the output of the one or more statistical
models comprises position and force estimates, and render-
ing the visual representation associated with the hand com-
prises rendering at least one force metric based on the force
estimates on the visual representation associated with the
hand.

In another aspect, the at least one computer processor is
further programmed to provide feedback to the user describ-
ing information about the accuracy and/or completeness of
the at least one gesture.

In another aspect, the visual representation is rendered
during the updating of the at least one parameter of the one
or more statistical models.

In another aspect, the at least one computer processor is
further programmed to: continuously track a calibration of a
performance of the one or more statistical models during
usage of the one or more statistical models following
training; and initiate a calibration routine when the calibra-
tion of the performance deviates from an acceptable cali-
bration threshold by a particular amount.

In another aspect, initiating a calibration routine com-
prises: controlling presentation of instructions via the user
interface to instruct the user to perform one or more addi-
tional gestures that includes at least one gesture character-
istic for which performance of the one or more statistical
models is poor, and updating at least one parameter of at
least one of the one or more statistical models based, at least
in part, on the plurality of neuromuscular signals recorded
by the neuromuscular sensors during performance of the one
or more additional gestures by the user.

In another aspect, the musculoskeletal representation is a
musculoskeletal representation associated with a hand, and
the one or more statistical model are configured to output
position and force estimates used to update the musculo-
skeletal representation associated with the hand.

In another aspect, updating at least one parameter of the
one or more statistical models comprises updating a plurality
of model parameters, and the at least one computer proces-
sor is further programmed to: store a user profile that
includes user-specific calibration parameters, wherein the
user-specific calibration parameters includes a subset of the
plurality of model parameters.

In another aspect, the user-specific calibration parameters
include at least one joint stiffness parameter.

Other embodiments are directed to a computerized system
configured to calibrate performance of one or more statis-
tical models used to generate a musculoskeletal representa-
tion, the system comprising; at least one computer processor
programmed to: identify, based on an output of the one or
more statistical models, at least one gesture characteristic
that the one or more statistical model is poor at estimating;
initiate a calibration routine to update at least one parameter
of the one or more statistical models to improve the perfor-
mance of the one or more statistical models to accurately
predict the at least one identified gesture characteristic;
receive a plurality of neuromuscular signals recorded by a
plurality of neuromuscular sensors during performance of at
least one gesture that includes the at least one gesture
characteristic; and update the at least one parameter of the
one or more statistical models based, at least in part, on a
plurality of neuromuscular signals recorded by the neuro-
muscular sensors during performance of the at least one
gesture by the user.
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Other embodiments are directed to a method of calibrat-
ing performance of one or more statistical models used to
generate a musculoskeletal representation. The method com-
prises controlling presentation of instructions via a user
interface to instruct the user to perform the at least one
gesture, and updating at least one parameter of the one or
more statistical models based, at least in part, on a plurality
of neuromuscular signals recorded by a plurality of neuro-
muscular sensors during performance of the at least one
gesture by the user.

Other embodiments are directed to a computer-readable
medium encoded with a plurality of instructions that, when
executed by at least one processor, perform a method. The
method comprises controlling presentation of instructions
via a user interface to instruct the user to perform the at least
one gesture, and updating at least one parameter of the one
or more statistical models based, at least in part, on a
plurality of neuromuscular signals recorded by a plurality of
neuromuscular sensors during performance of the at least
one gesture by the user.

Other embodiments are directed to a computerized system
configured to calibrate performance of one or more statis-
tical models used to generate a musculoskeletal representa-
tion, the system comprising: a plurality of neuromuscular
sensors configured to continuously record a plurality of
neuromuscular signals, wherein the plurality of neuromus-
cular sensors are arranged on at least one wearable device;
and at least one computer processor is programmed to:
process at least some of the plurality of neuromuscular
signals using a statistical model to generate the musculo-
skeletal representation; determine based, at least in part, on
at least one aspect of the musculoskeletal representation, that
calibration of the statistical model used to generate the
musculoskeletal model is needed; initiate a calibration ses-
sion in response to determining that calibration is needed,
update a statistical model configuration based, at least in
part, on a plurality of neuromuscular signals recorded by the
plurality of neuromuscular sensors and ground-truth data
representing position information and/or force information
recorded during the calibration session, to produce an
updated statistical model; process at least some of the
plurality of neuromuscular signals using the updated statis-
tical model to generate an updated musculoskeletal repre-
sentation; determine, based, at least in part, on the at least
one aspect of the updated musculoskeletal representation
whether further calibration of the statistical model is needed;
and end the calibration session in response to determining
that further calibration is not needed.

In one aspect, updating the statistical model configuration
comprises selecting a different statistical model to generate
the updated musculoskeletal representation than the statis-
tical model used to generate to the musculoskeletal repre-
sentation.

Other embodiments are directed to a method of calibrat-
ing performance of one or more statistical models used to
generate a musculoskeletal representation, the method com-
prising: instructing, via a user interface, a user to perform at
least one gesture while wearing a wearable device having a
plurality of neuromuscular sensors arranged thereon; con-
trolling presentation of instructions via the user interface to
instruct the user to perform the at least one gesture; updating
at least one parameter of the one or more statistical models
based, at least in part, on a plurality of neuromuscular
signals recorded by the plurality of neuromuscular sensors
during performance of the at least one gesture by the user;
identifying, based on an output of the one or more statistical
models, a plurality of gesture characteristics that the one or

10

20

25

40

45

60

65

6

more statistical model is poor at estimating; selecting a new
gesture for the user to perform that includes the identified
plurality of gesture characteristics; controlling presentation
of instructions via the user interface to instruct the user to
perform the new gesture; and updating at least one param-
eter of the one or more statistical models based, at least in
part on the plurality of neuromuscular signals recorded by
the neuromuscular sensors during performance of the new
gesture by the user.

It should be appreciated that all combinations of the
foregoing concepts and additional concepts discussed in
greater detail below (provided such concepts are not mutu-
ally inconsistent) are contemplated as being part of the
inventive subject matter disclosed herein. In particular, all
combinations of claimed subject matter appearing at the end
of this disclosure are contemplated as being part of the
inventive subject matter disclosed herein.

BRIEF DESCRIPTION OF THE DRAWINGS

Various non-limiting embodiments of the technology will
be described with reference to the following figures. It
should be appreciated that the figures are not necessarily
drawn to scale.

FIG. 11is a schematic diagram of a computer-based system
for generating a musculoskeletal representation based on
neuromuscular sensor data in accordance with some
embodiments of the technology described herein;

FIG. 2 is a flowchart of an illustrative process for cali-
brating performance of one or more statistical models in
accordance of some embodiments of the technology
described herein;

FIG. 3 is a flowchart of an illustrative process for cali-
brating performance of a statistical model in accordance
with some embodiments of the technology described herein;

FIG. 4 is a flowchart of an illustrative process for initi-
ating a calibration routine to update parameters of a trained
statistical model during runtime in accordance with some
embodiments of the technology described herein;

FIG. 5 is a flowchart of an illustrative process for gener-
ating a statistical model for predicting musculoskeletal posi-
tion information using signals recorded from sensors, in
accordance with some embodiments of the technology
described herein;

FIG. 6A illustrates a wearable system with sixteen EMG
sensors arranged circumferentially around an elastic band
configured to be worn around a user’s lower arm or wrist, in
accordance with some embodiments of the technology
described herein;

FIG. 6B is a cross-sectional view through one of the
sixteen EMG sensors illustrated in FIG. 6A; and

FIGS. 7A and 7B schematically illustrate components of
a computer-based system on which some embodiments are
implemented. FIG. 7A illustrates a wearable portion of the
computer-based system and FIG. 7B illustrates a dongle
portion connected to a computer, wherein the dongle portion
is configured to communicate with the wearable portion.

DETAILED DESCRIPTION

Robustness, consistency, and reliability are important
features of a system for estimating the position, movement,
and force exerted by a part of the human body, in part,
because such features support realistic highly-immersive
experiences in virtual environments and support the use of
gesture-based machine control frameworks. Some conven-
tional systems use neuromuscular signals to estimate the
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position and movement of a portion of a user’s body
represented as a multi-segment articulated rigid body system
(e.g., auser’s arm, hand, leg, etc.) in an autonomous manner.
System calibration is typically performed in such systems
using a sequence of prescribed movements or by changing
the gain of signal amplification circuitry, though these
systems generally have limited capabilities with respect to
tuning, personalization, and retraining.

Some conventional camera-based systems for tracking a
user’s hand perform system calibration by calibrating imag-
ing sensors or by configuring the system to distinguish
individual users. Camera-based systems have some limita-
tions relative to systems that use neuromuscular sensors to
infer the position or movement of a part of the body,
particularly with regard to occlusion and limited spatial
functionality for fixed-camera based systems.

Neuromuscular signals contain information about motor-
unit activity levels which determine the movements of joints
and exerted forces. The degree to which estimates of joint
angles and exerted forces generalize across users is limited
by, variability between people with regard to characteristics
such as joint stiffness, joint segment moments and inertia,
and the relationship between motor unit activity and joint
torque. When variations in such characteristics are not taken
into consideration when predicting estimates of joint angles
and forces from neuromuscular data, the models used to
make the predictions may perform sub-optimally. To this
end, some embodiments are directed to techniques for
tuning model parameters based on neuromuscular data col-
lected during a calibration procedure to account for user-
specific physiological and anatomical differences.

All or portions of the human musculoskeletal system can
be logically represented in a model implemented in a
multi-segment articulated rigid body system. Such a model
may be partitioned into multiple data structures including
segments, logical interfaces, and other suitable data struc-
tures which, in ensemble, emulate biological functions and
properties of the human musculoskeletal system. For
instance, segments can represent rigid parts of the muscu-
loskeletal system and logical interfaces can represent joints
of the musculoskeletal system. Each of the data structures
(e.g., segments and logical interfaces) can include attributes
(variable and constant) denoting properties of the biological
part that such data structure represents. As described in more
detail below, the multi-segment articulated rigid body sys-
tem may be configured to emulate biological functions and
properties of the human musculoskeletal system.

All or portions of the human musculoskeletal system can
be modeled as a multi-segment articulated rigid body sys-
tem, with joint interfaces between different segments and
joint angles defining the spatial relationships between con-
nected segments in the model. Constraints on the movement
at the joints are governed by the type of joint connecting the
segments and the biological structures (e.g., muscles, ten-
dons, ligaments, and other biological structures) that restrict
the range of movement at the joint. For example, the
shoulder joint connecting the upper arm to the torso and the
hip joint connecting the upper leg to the torso are ball and
socket joints that permit extension and flexion movements as
well as rotational movements. By contrast, the elbow joint
connecting the upper arm and the forearm and the knee joint
connecting the upper leg and the lower leg allow for a more
limited range of motion. As described herein, the multi-
segment articulated rigid body system can be used to model
portions of the human musculoskeletal system. Some seg-
ments of the human musculoskeletal system (e.g., the fore-
arm segment), though approximated as a rigid body in the
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articulated rigid body system, may include multiple rigid
structures (e.g., the ulna and radius bones of the forearm)
that provide for more complex movement within the seg-
ment that is not explicitly considered by the rigid body
model. Accordingly, a model of an articulated rigid body
system for use with some embodiments of the technology
described herein may include segments that represent a
combination of body parts that are not strictly rigid bodies.

In kinematics, rigid bodies are objects that exhibit various
attributes of motion (e.g., position, orientation, angular
velocity, acceleration). Knowing the motion attributes of one
segment of the rigid body enables the motion attributes for
other segments of the rigid body to be determined based on
constraints in how the segments are connected. For example,
a hand can be modeled as a multi-segment articulated body
with the joints in the wrist and each finger forming the
interfaces between the multiple segments in the model.
Movements of the segments in the rigid body model can be
emulated as an articulated rigid body system in which
position (e.g., actual position, relative position, or orienta-
tion) information of a segment relative to other segments in
the model are predicted using a trained statistical model, as
described in more detail below.

In some implementations, the multi-segment articulated
rigid body system emulates portions of the human body, for
example, a hand or a combination of a hand with one or
more portions of an arm. Information used to describe
position relationships between segments and force relation-
ships for individual segments or combinations of segments
in the musculoskeletal representation is referred to herein as
the handstate of the musculoskeletal representation. The
techniques described herein are also applicable to musculo-
skeletal representations of portions of the body other than
the hand including, but not limited to, an arm, a leg, a foot,
a torso, a neck, or any combination of the foregoing.

In addition to spatial information (e.g., position and
orientation), in some implementations the multi-segment
articulated rigid body system is configured to predict force
information associated with one or more segments of the
musculoskeletal representation. For example, the multi-
segment articulated rigid body system can compute linear
forces or rotational (torque) forces exerted by one or more
segments. Examples of linear forces include, but are not
limited to, the force of a finger or hand pressing on a solid
object such as a table, and a force exerted when two
segments (e.g., two fingers) are pinched together. Examples
of rotational forces include, but are not limited to, rotational
forces created when segments in the wrist or fingers are
twisted or flexed.

In some implementations, a handstate can further include
force information determined as a portion of a current
handstate estimate that includes one or more of pinching
force information, grasping force information, or informa-
tion about co-contraction forces between muscles repre-
sented by the musculoskeletal representation.

FIG. 1 illustrates a system 100 in accordance with some
embodiments. The system includes a plurality of sensors 102
configured to record signals resulting from the movement of
portions of a human body. Sensors 102 may include autono-
mous sensors. As used herein, the term “autonomous sen-
sors” refers to sensors configured to measure the movement
of body segments without requiring the use of external
devices. In some embodiments, sensors 102 may also
include one or more auxiliary (e.g., non-autonomous) sen-
sors in combination with autonomous sensors. Non-limiting
examples of auxiliary sensors include, but are not limited to,
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wearable (e.g. body-mounted) cameras, global positioning
systems, or laser scanning systems.

Autonomous sensors may include a plurality of neuro-
muscular sensors configured to record signals arising from
neuromuscular activity in skeletal muscle of a human body.
The term “neuromuscular activity” as used herein refers to
neural activation of spinal motor neurons that innervate a
muscle, muscle activation, muscle contraction, or any com-
bination of the neural activation, muscle activation, and
muscle contraction. Neuromuscular sensors may include one
or more electromyography (EMG) sensors, one or more
mechanomyography (MMG) sensors, one or more sono-
myography (SMG) sensors, a combination of two or more
types of EMG sensors, MMG sensors, and SMG sensors,
and/or one or more sensors of any suitable type that are
configured to detect neuromuscular signals. In some
embodiments, the plurality of neuromuscular sensors may
be used to sense muscular activity related to a movement of
the part of the body controlled by muscles from which the
neuromuscular sensors are arranged to sense the muscle
activity. Spatial information (e.g., position and/or orienta-
tion information) and force information describing the
movement may be predicted based on the sensed neuromus-
cular signals as the user moves over time.

Autonomous sensors may include one or more Inertial
Measurement Units (IMUs), which measure a combination
of physical aspects of motion, using, for example, an accel-
erometer, a gyroscope, a magnetometer, or any combination
of one or more accelerometers, gyroscopes and magnetom-
eters. In some embodiments, IMUs may be used to sense
information about the movement of the part of the body on
which the IMU is attached and information derived from the
sensed data (e.g., position and/or orientation information)
may be tracked as the user moves over time. For example,
one or more IMUs may be used to track movements of
portions of a user’s body proximal to the user’s torso relative
to the sensor (e.g., arms, legs) as the user moves over time.

In embodiments that include at least one IMU and a
plurality of neuromuscular sensors, the IMU(s) and neuro-
muscular sensors may be arranged to detect movement of
different parts of the human body. For example, the IMU(s)
may be arranged to detect movements of one or more body
segments proximal to the torso (e.g., an upper arm), whereas
the neuromuscular sensors may be arranged to detect move-
ments of one or more body segments distal to the torso (e.g.,
a forearm or wrist). It should be appreciated, however, that
autonomous sensors may be arranged in any suitable way,
and embodiments of the technology described herein are not
limited based on the particular sensor arrangement. For
example, in some embodiments, at least one IMU and a
plurality of neuromuscular sensors may be co-located on a
body segment to track movements of body segment using
different types of measurements. In one implementation
described in more detail below, an IMU sensor and a
plurality of EMG sensors are arranged on a wearable device
configured to be worn around the lower arm or wrist of a
user. In such an arrangement, the IMU sensor may be
configured to track movement information (e.g., positioning
and/or orientation over time) associated with one or more
arm segments, to determine, for example whether the user
has raised or lowered their arm, whereas the EMG sensors
may be configured to determine movement information
associated with wrist or hand segments to determine, for
example, whether the user has an open or closed hand
configuration.

Each of the autonomous sensors includes one or more
sensing components configured to sense information about a
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user. In the case of IMUs, the sensing components may
include one or more accelerometers, gyroscopes, nmagne-
tometers, or any combination thereof to measure character-
istics of body motion, examples of which include, but are not
limited to, acceleration, angular velocity, and sensed mag-
netic field around the body. In the case of neuromuscular
sensors, the sensing components may include, but are not
limited to, electrodes configured to detect electric potentials
on the surface of the body (e.g., for EMG sensors) vibration
sensors configured to measure skin surface vibrations (e.g,
for MMG sensors), and acoustic sensing components con-
figured to measure ultrasound signals (e.g., for SMG sen-
sors) arising from muscle activity.

In some embodiments, the output of one or more of the
sensing components may be processed using hardware sig-
nal processing circuitry (e.g., to perform amplification,
filtering, and/or rectification). In other embodiments, at least
some signal processing of the output of the sensing com-
ponents may be performed in software. Thus, signal pro-
cessing of autonomous signals recorded by the autonomous
sensors may be performed in hardware, software, or by any
suitable combination of hardware and software, as aspects of
the technology described herein are not limited in this
respect.

In some embodiments, the recorded sensor data may be
processed to compute additional derived measurements that
are then provided as input to a statistical model, as described
in more detail below. For example, recorded signals from an
IMU sensor may be processed to derive an orientation signal
that specifies the orientation of a rigid body segment over
time. Autonomous sensors may implement signal processing
using components integrated with the sensing components,
or at least a portion of the signal processing may be
performed by one or more components in communication
with, but not directly integrated with the sensing compo-
nents of the autonomous sensors.

In some embodiments, at least some of the plurality of
autonomous sensors are arranged as a portion of a wearable
device configured to be worn on or around part of a user’s
body. For example, in one non-limiting example, an IMU
sensor and a plurality of neuromuscular sensors are arranged
circumferentially around an adjustable and/or elastic band
such as a wristband or armband configured to be worn
around a user’s wrist or arm. Alternatively, at least some of
the autonomous sensors may be arranged on a wearable
patch configured to be affixed to a portion of the user’s body.
In some embodiments, multiple wearable devices, each
having one or more IMUs and/or neuromuscular sensors
included thereon may be used to predict musculoskeletal
position information for movements that involve multiple
parts of the body.

In some embodiments, sensors 102 only includes a plu-
rality of neuromuscular sensors (e.g., EMG sensors). In
other embodiments, sensors 102 includes a plurality of
neuromuscular sensors and at least one “auxiliary” sensor
configured to continuously record a plurality of auxiliary
signals. Examples of auxiliary sensors include, but are not
limited to, other autonomous sensors such as IMU sensors,
and auxiliary sensors such as an imaging device (e.g., a
camera), a radiation-based sensor for use with a radiation-
generation device (e.g., a laser-scanning device), or other
types of sensors such as a heart-rate monitor.

System 100 also includes one or more computer proces-
sors programmed to communicate with sensors 102. For
example, signals recorded by one or more of the sensors may
be provided to the processor(s), which may be programmed
to execute one or more machine learning algorithms that
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process signals output by the sensors 102 to train one or
more statistical models 104, and the trained (or retrained)
statistical model(s) 104 may be stored for later use in
generating a musculoskeletal representation 106, as
described in more detail below.

In some embodiments, the statistical model may be imple-
mented using one or more neural networks. Such neural
network(s) may be implemented as one or more recurrent
neural networks. For example, in some embodiments, the
recurrent neural network may be a fully recurrent neural
network, a recursive neural network, a variational autoen-
coder, a Hopfield neural network, an associative memory
neural network, an Elman neural network, a Jordan neural
network, an echo state neural network, a second order
recurrent neural network, and/or any other suitable type of
recurrent neural network. In other embodiments, neural
networks that are not recurrent neural networks may be used.
For example, deep neural networks, convolutional neural
networks, and/or feedforward neural networks, may be used.

The neural network(s) used in accordance with some
embodiments may be implemented based on a variety of
topologies and/or architectures including deep neural net-
works with fully connected (dense) layers, Long Short-Term
Memory (LSTM) layers, convolutional layers, Temporal
Convolutional Layers (TCL), or other suitable type of deep
neural network topology and/or architecture. The neural
network(s) may have different types of output layers includ-
ing output layers with logistic sigmoid activation functions,
hyperbolic tangent activation functions, linear units, recti-
fied linear units, or other suitable type of nonlinear unit.
Additionally, the neural network(s) may be configured to
represent the probability distribution over n different classes
via, for example, a softmax function or include an output
layer that provides a parameterized distribution e.g., mean
and variance of a Gaussian distribution. Other non-limiting
examples of statistical models that may be used in accor-
dance with some embodiments to predict handstate infor-
mation based on recorded signals from sensors 102 are
discussed in more detail below in connection with FIG. 5.

System 100 also optionally includes a display controller
configured to display a visual representation 108 (e.g., of a
hand). As discussed in more detail below, one or more
computer processors may implement one or more trained
statistical models configured to predict handstate informa-
tion based, at least in part, on signals recorded by sensors
102. The predicted handstate information is used to update
the musculoskeletal representation 106, which is then
optionally used to render a visual representation 108 based
on the updated musculoskeletal representation incorporating
the current handstate information. Real-time reconstruction
of the current handstate and subsequent rendering of the
visual representation reflecting the current handstate infor-
mation in the musculoskeletal model may provide visual
feedback to the user about the effectiveness of the trained
statistical model to accurately represent an intended hand-
state. Not all embodiments of system 100 include compo-
nents configured to render a visual representation. For
example, in some embodiments, handstate estimates output
from the trained statistical model and a corresponding
updated musculoskeletal representation are used to deter-
mine a state of a user’s hand (e.g., in a virtual reality
environment) even though a visual representation based on
the updated musculoskeletal representation is not rendered.

In some embodiments, a computer application configured
to simulate a virtual reality environment may be instructed
to display a visual representation of the user’s hand. Posi-
tioning, movement, and/or forces applied by portions of the
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hand within the virtual reality environment may be dis-
played based on the output of the trained statistical model(s).
The visual representation may be dynamically updated
based on current reconstructed handstate information as
continuous signals are recorded by the sensors 102 and
processed by the trained statistical model(s) 104 to provide
an updated computer-generated representation of the user’s
position, movement, and/or force that is updated in real-
time.

As discussed above, some embodiments are directed to
using a statistical model for predicting musculoskeletal
information based on signals recorded from wearable
autonomous sensors. The statistical model may be used to
predict the musculoskeletal position information without
having to place sensors on each segment of the rigid body
that is to be represented in the computer-generated muscu-
loskeletal representation. As discussed briefly above, the
types of joints between segments in a multi-segment articu-
lated rigid body model constrain movement of the rigid
body. Additionally, different individuals tend to move in
characteristic ways when performing a task that can be
captured in statistical patterns of individual user behavior. At
least some of these constraints on human body movement
may be explicitly incorporated into statistical models used
for prediction in accordance with some embodiments. Addi-
tionally or alternatively, the constraints may be learned by
the statistical model though training based on recorded
sensor data. Constraints imposed in the construction of the
statistical model are those set by anatomy and the physics of
a user’s body, while constraints derived from statistical
patterns are those set by human behavior for one or more
users from which sensor measurements are measured. The
constraints may comprise part of the statistical model itself
being represented by information (e.g., connection weights
between nodes) in the model.

As discussed above, some embodiments are directed to
using a statistical model for predicting handstate information
to enable the generation and/or real-time update of a com-
puter-based musculoskeletal representation. The statistical
model may be used to predict the handstate information
based on IMU signals, neuromuscular signals (e.g., EMG,
MMG, and SMG signals), external device signals (e.g.,
camera or laser-scanning signals), or a combination of IMU
signals, neuromuscular signals, and external device signals
detected as a user performs one or more movements.

As described above, statistical models that predict esti-
mates (e.g., handstate estimates) for updating a musculo-
skeletal representation include some constraints imposed in
the construction of the statistical model set by anatomy and
physics of a user’s body and other constraints derived from
statistical patterns set by human behavior for one or more
users from which sensor measurements are measured. The
constraints derived from statistical patterns set by human
behavior may be initially learned by a statistical model by
training the model using training data collected from a
plurality of users to produce a user-independent model. Such
a user-independent model may perform well in estimating
position and/or force information (e.g., handstate estimates)
based on recorded neuromuscular signals for some (e.g.,
simple) gestures, and may perform poorly in estimating such
information for other (e.g., complex) gestures. To improve
user-specific performance of the model, one or more param-
eters of the user-independent model may be updated based
on user-specific data. Updating parameter(s) of a statistical
model for a particular user and/or for usage during a
particular recording session is referred to herein as “cali-
bration” of the model performance.
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FIG. 2 illustrates a process 200 for calibrating perfor-
mance of a statistical model that may be used in accordance
with system 100, described in connection with FIG. 1. In
some embodiments, the performance of one or more statis-
tical models is calibrated by presenting the user with explicit
instructions to perform one or more gestures. For example,
the system may include a user interface configured to
present instructions to the user to perform one or more
gestures while wearing a wearable device on which a
plurality of neuromuscular sensors are arranged and config-
ured to record a plurality of neuromuscular signals. The user
interface may be a visual interface, an audio interface, or any
other suitable type of user interface for presenting the
instructions to the user for performing one or more gestures.
When the user interface is a visual interface, the instructions
may be presented using text. static visual representations
(e.g., images), dynamic visual representations (e.g., videos,
animations), or any combination of the foregoing.

As used herein, the term “gestures” refers to a static or
dynamic configuration of one or more body parts including
the position of the one or more body parts and forces
associated with the configuration. For example, gestures
include discrete gestures, such as pressing the palm of a
hand down on a solid surface or grasping a ball, continuous
gestures, such as a waving a finger back and forth or
throwing a ball, or a combination of discrete and continuous
gestures such as grasping and throwing a ball. Gestures may
be defined by an application configured to prompt a user to
perform the gestures or, alternatively, gestures may be
arbitrarily defined by a user.

After instructions are presented to the user to perform one
or more gestures, process 200 proceeds to act 204, where a
plurality of neuromuscular signals are recorded by a plural-
ity of neuromuscular sensors arranged on the body of a user
during performance of the gesture(s) in accordance with the
presented instructions. As discussed above, the plurality of
neuromuscular sensors may be arranged on one or wearable
devices configured to be worn by a user during performance
of one or more gestures. Process 200 then proceeds to act
206, where the statistical model configuration used to gen-
erate a musculoskeletal representation is updated based on
the recorded plurality of neuromuscular signals. For
example, in some embodiments, the statistical model con-
figuration may be updated by selecting a different statistical
model used to generate the musculoskeletal model. In other
embodiments, at least one parameter of a statistical model
may be updated based on the recorded plurality of neuro-
muscular signals. The one or more parameters of the statis-
tical model may be updated in any suitable way. In some
embodiments, one or more parameters of the statistical
model may be updated by training the statistical model
based, at least in part, on the recorded neuromuscular
signals. In other embodiments, the one or more parameters
of the statistical model may be updated without training or
re-training the model. For example, the statistical model
may receive as input the one or more parameters and
updating the one or more parameters may comprise provid-
ing different values of the one or more parameters as input
to the model. In yet further embodiments, the statistical
model may be characterized by one or more parameters that
are not provided as input to the model, but are nonetheless
configurable, such that the parameter(s) may be updated
based on neuromuscular signals recorded during perfor-
mance of a gesture. For example, the configurable param-
eters may include a scaling factor by which recorded neu-
romuscular signals are scaled prior to being provided as
input to the model.
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FIG. 3 illustrates a process 300 for updating one or more
parameters of a statistical model in accordance with some
embodiments. In act 304, a plurality of neuromuscular
signals are recorded during performance of a gesture. As
described above in connection with process 200, the neuro-
muscular signals may be recorded in response to prompting
the user to perform one or more gestures as part of a training
or retraining protocol to train the model. For example, a user
may be instructed to hold their fingers out, orient their wrist
parallel to their arm (e.g., not flexed or extended), and move
their wrist with an ulnar deviation (e.g., towards their pinky
finger). Alternatively, the plurality of neuromuscular signals
may be recorded during runtime usage of the system after
the model has been trained, and the performance of the
model to accurately predict estimates may be tracked and
used to determine whether to perform “online” calibration of
the model, as discussed in more detail below.

In embodiments where updating the at least one parameter
of the statistical model involves training or retraining the
model, ground truth data representing the expected estimates
output from the model in response to particular inputs are
determined in act 306. In the simplest case, the ground truth
data may be predetermined and defined based on the par-
ticular gesture that the user is instructed to perform. For
example, when the estimates output from the model are
handstate estimates that include a set of joint angles and
forces for a musculoskeletal representation associated with
a hand, a gesture may be defined by a particular set of joint
angles and forces. In such a situation, the ground truth data
may be determined as the particular set of joint angles and
forces that define the gesture. Additionally or alternatively,
the ground truth data may be determined based on neuro-
muscular information for the gesture. For example, the
gesture may be characterized by a generic neuromuscular
signal shape which may be used, at least in part, to determine
the ground truth data.

In other embodiments, the ground truth data may be
determined by one or more measurements captured by one
or more external devices, examples of which include imag-
ing devices (e.g., cameras) and inertial measurement units
(IMUs). For example, when the external device is an imag-
ing device configured to capture images, the imaging device
may be controlled to capture at least one image as the user
performs the gesture as the neuromuscular signals are
recorded, and the one or more measurements may be deter-
mined based on the captured image(s).

In some embodiments that determine ground truth data
from external devices, multiple external devices are used to
determine the ground truth data. For example, an IMU may
be used to determine some position/orientation such as large
joint angles in the arm and wrist and an imaging device may
be used to capture other position/orientation information
such as smaller joint angles in the fingers. Other combina-
tions of external devices may alternatively be used to
determine position and/or force information as ground truth
data, and embodiments are not limited in this respect. When
measurements from multiple external devices are used to
determine the ground truth data, the measurements from the
multiple devices may be combined in any suitable way, and
the statistical model may be updated based on the combined
measurements.

Process 300 then proceeds to act 308, where at least one
parameter of the statistical model is updated based on the
plurality of neuromuscular signals recorded in act 304 and
the ground truth data determined in act 306. Non-limiting
examples of updating parameter(s) of a statistical model are
described above in connection with act 206 of process 200.
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Process 300 then proceeds to act 310, where feedback is
optionally presented to the user to provide the user with
information about whether the user’s performance of the
gesture was performed correctly as instructed (when instruc-
tions are provided). The feedback may be provided audibly,
visually, using haptic feedback, or using any combination of
the foregoing. When presented visually, the feedback may
be provided as a static or dynamic visual representation of
the gesture performed by the user to enable the user to
compare how the model interpreted the user’s performance
of the gesture. In some embodiments, the feedback may
illustrate a comparison between how the model estimates the
user’s performance of the gesture and how the gesture was
intended to be performed based on the instructions provided.
The feedback may then be interpreted by the user to deter-
mine whether the gesture was performed correctly and/or
whether the model predicted the handstate estimates cor-
rectly based on the performed gesture. When it is determined
that the model estimates were not accurate for the performed
gesture, acts 304-310 may be repeated until the system
and/or the user is satisfied that the model output can be used
to accurately represent the performed gesture.

Process 300 then proceeds to act 312, where it is deter-
mined whether the process should be repeated with a new
gesture. When it is determined to repeat the process with a
new gesture, process 300 proceeds to act 314 where a new
gesture is selected. Otherwise, the process ends.

Determining whether acts 304-310 of process 300 should
be repeated with a new gesture may be determined in any
suitable way. In a passive calibration procedure, the user
may be instructed to perform a predetermined set of gestures
and determining whether to perform a new gesture may be
determined based on whether all of the gestures in the set
have been performed. This calibration procedure is referred
to as “passive” herein as the gestures performed are not
actively determined (e.g., based on the performance of the
model), but are predetermined based on the gestures in the
set. Passive calibration may be used, for example, when a
user first uses the system to provide user-specific initial
training of the statistical model or when the user uses the
system to control a new application that associates particular
gestures with control commands in the application. Passive
calibration may be used to ensure that the statistical model
is trained on a base set of uniform gestures relevant to a
particular application. When using a passive calibration
procedure, the gestures in the set may be selected in act 314
randomly from the set for performance by the user during
calibration or the user may be instructed to perform at least
some of the gestures in the set in a particular order. For
example, the particular order may specify that the model be
trained on simple gestures prior to training the model on
more complex gestures.

As an alternative to passive calibration, some embodi-
ments employ an active calibration procedure, where a new
gesture to be performed is not determined based on a
predetermined set of gestures, but instead selection of a new
gesture is informed based on performance of the model. In
an active calibration procedure, new gestures to perform are
actively suggested to the user based on an online (e.g.,
Bayesian) estimation of the model performance. For
example, it may be determined that the model performs well
for estimating certain gesture characteristics but performs
poorly for estimating other gesture characteristics. As dis-
cussed above, each gesture may be defined by a plurality of
gesture characteristics (e.g., joint angles and forces), and the
gesture that is selected during an active calibration proce-
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dure may be selected based on the gesture characteristic(s)
that the model estimates poorly and gestures that include the
gesture characteristic(s).

In some implementations of an active calibration proce-
dure, a new gesture may be selected randomly from a set of
gestures having gesture characteristics which the model
estimates poorly. In other implementations of an active
calibration procedure, a new gesture to be performed by the
user may be selected as a gesture previously performed by
the user, but on which performance of the model is poorly
calibrated. In yet further implementations of an active cali-
bration procedure, a new gesture is selected based, at least
in part, on whether the particular gesture is defined by
multiple gesture characteristics that the model estimates
poorly. In some embodiments, a gesture that includes a
maximum number of gesture characteristics for which the
model performs poorly may be selected.

When either a passive calibration procedure or an active
calibration procedure is used, the user may be provided with
explicit instructions explaining the gesture to be performed
by, for example, displaying on a user interface a static or
dynamic visual representation of the gesture to be per-
formed. Alternatively, the instructions provided to the user
may include at least one user-interpretable instruction that
may be subjectively interpreted by the user to perform the
gesture. In such a procedure, the user actively participates in
the calibration by determining, at least in part, how to
perform the gesture. As an example, the user may be
provided with a series of prompts that instructs the user to
pinch two fingers at different percentages (e.g., 25%, 50%,
75%, 100%) of force exerted between the fingers relative to
the maximum exertion. Using such a technique, the user
defines how a percentage of maximal force maps to the
neuromuscular signals recorded during performance of the
gesture. Other examples of user-interpretable instruction
include, but are not limited to, moving a slider along a bar
or line, interacting (e.g., clenching) with an object, and
pressing against a surface.

As discussed above, in connection with act 310 of process
300, feedback may be provided to a user during a passive or
active calibration procedure when user-interpretable instruc-
tions are included. The feedback may include rendering a
visual representation associated with a hand. Additionally, in
some embodiments, the visual representation may include
force metrics to provide feedback on exerted forces to the
user. Force metrics may be provided to the user in any
suitable way, examples of which include, but are not limited
to, using different colors, bar plots, scatterplots, time series
plots, etc. In some embodiments, metrics in addition to or as
an alternative to force metrics may also be provided as
feedback to a user. For example, additional metrics may
include the extent to which the gesture is completed or the
degree to which the gesture is completed (e.g., 50% com-
pleted), metrics describing whether the completed or par-
tially-completed gesture is accurate, or any other suitable
metrics that provide feedback to the user as the user is
performing the gesture may be provided.

As discussed briefly above, the calibration procedures
described herein may be performed at different times. For
example, training or retraining the model may occur prior to
use of the system by a new user and/or for a new application.
Such calibration individualizes the statistical model(s) based
on user-specific physiological and/or anatomical character-
istics. Additionally or alternatively, the calibration proce-
dures may be performed as the user is using the system.

FIG. 4 illustrates a process 400 for performing calibration
during normal use of the system. In act 402, the performance
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of the model is tracked to predict the performance of the
model in accurately predicting gestures and/or gesture char-
acteristics during runtime. When it is determined that the
model should be calibrated based on reduced model perfor-
mance for one or more gestures or gesture characteristics,
process 400 proceeds to act 404, where a calibration routine
is initiated. The determination to initiate a calibration routine
may be made in any suitable way. For example, one or more
quality measures may be determined for model estimates
corresponding to gestures or gesture characteristics and it
may be determined to initiate a calibration routine when the
quality measure(s) fall below a threshold for the gestures/
gesture characteristics. In one non-limiting example, a cali-
bration routine may be initiated if the probabilities among
several possible gestures exhibits relatively high entropy. In
contrast, a well-calibrated statistical model may calculate
the likelihood of one gesture to be high (e.g., greater than
0.8, greater than 0.9, close to 1) and the posterior probabili-
ties for other gestures to be small. In another example, if the
model frequently identifies gestures with low likelihood
(generally indicating the presence or estimation of many
‘long tail” gestures), a calibration routine may be initiated or
a user notification may be presented to the user to determine
whether the user was in fact initiating uncommon hand
gestures.

In some cases, a calibration routine may be used to
account for a user’s anatomy. For example, a detector circuit
may be configured to detect whether a user has the palmaris
longus muscle in their arm. One way to determine if a user
has a palmaris longus muscle is to instruct the user to pinch
the fingertips of their pinky and thumb while flexing their
wrist. In response to a determination that the user does have
the palmaris longus muscle in their arm, an appropriate
calibration routine may be initiated that is specifically con-
figured to calibrate for individuals with a palmar longus
muscle. In another example, a calibration routine may be
initiated to account for the effect of a user’s anatomy on the
conductive profile of the user’s body (e.g., their arm). One
factor that affects the conduction of electrical currents in the
body is the location and amount of adipose tissue in the arm.
Adipose tissue affects the filtering of neuromuscular activity
recorded by electromyography at the skin surface, so a
calibration routine optimized for improving a statistical
model based on the location and amount of adipose tissue
may be initiated. One skilled in the art will recognize that the
location and amount of adipose tissue in a user may be
measured or estimated in various ways, including via ultra-
sonography. In another example, the effect of a particular
muscle activation on the movement of a part of the body
(e.g., the hand) depends on individual anatomy, including
the size of the arm or hand and properties of the user’s joints
(e.g., joint stiffness, joint segment moments and inertia, and
the relationship between motor unit activity and joint
torque), and variations in individual anatomy that affect how
joints move based on a given muscle activation may cause
degraded model performance and cause a calibration routine
to be initiated.

Initiation of a calibration routine may be made apparent to
the user by, for example, the system entering a “calibration
mode” where the user is prompted with instructions to
perform one or more gestures to calibrate performance of the
model, as discussed above. Halting usage of the system and
entering a calibration mode may enable the model perfor-
mance to improve quickly by having the user focus on
performing gestures with characteristics that the model
estimates poorly.
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Alternatively, initiation of a calibration routine may occur
during routine usage of the system without the user becom-
ing aware that calibration is being performed. For example,
the system may identify gestures and/or gesture character-
istics for which model calibration is desired, and when
gestures/gesture characteristics are performed by the user
during ordinary usage of the system, calibration may be
performed using neuromuscular signals recorded during
performance of such gestures. By not making the calibration
procedure apparent to the user, the user’s use of the system
is not interrupted, and the model adapts through normal use
of the system.

After initiating a calibration routine, process 400 proceeds
to act 406, where a plurality of neuromuscular signals are
recorded during performance of gestures that include the
identified gesture characteristic(s) on which the model per-
forms poorly. Process 400 then proceeds to act 408, where
at least one parameter of the model is updated based on the
recorded plurality of neuromuscular signals. As discussed
above, updating the parameter(s) of a statistical model may
be implemented by training/retraining the model, modifying
inputs to the model or changing other configurable param-
eters of the model. In some embodiments, some simple
updates to the parameter(s) of the model may occur during
runtime usage of the model, whereas more complex updates
(e.g., retraining the model) may occur offline when the
system is not being used by the user. When the model
updates happen is not a limitation of the technology
described herein.

Some model parameters, examples of which include, but
are not limited to, a user’s muscular anatomical features, a
location of single muscles, muscle gain, and joint stiffness,
are not expected to change substantially from session to
session. Such model parameters may be stored in a user
profile for the user, and the user profile may be accessed
each time the user uses the system in a new session. In some
embodiments, a user’s user profile is updated with each new
calibration session, for example, to track a user’s long-term
changes in physiology and/or anatomy. Other model param-
eters may be both user dependent and session dependent. For
example, the placement of the neuromuscular sensors on the
user’s body may change from session to session or may even
change during a session resulting in varying model esti-
mates. For example, the placement of neuromuscular sen-
sors in an armband may be rotated circumferentially around
the arm; the armband may be placed on the arm oriented to
be facing either proximally or distally; the armband may be
placed on a different arm relative to an earlier calibration
session; or the armband may be shifted along the proximal-
distal axis of the arm (e.g., closer to the hand or closer to the
shoulder). In another example, a user may experience
muscle fatigue during a session, causing the pattern of motor
unit activation to change, and a calibration session may be
useful to account for the changing pattern of motor unit
activation. Model parameters relating to session-dependent
events may need to be updated each session and as such,
may not be stored in the user’s profile. However, some
session-dependent events may be characteristic of a user
(e.g., propensity of a muscle to experience fatigue) and as
such, may be stored in the user’s profile. In some embodi-
ments, a determination is made during or at the end of a
session regarding which model parameter updates made
during the session should persist and be stored in the user’s
profile and which model parameter updates made during the
session are session dependent and should be discarded
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following the session. The determination may be made
based on the type of update, examples of which are
described above.

FIG. 5 describes a process 500 for generating (sometimes
termed “training” herein) a statistical model using signals
recorded from sensors 102. Process 500 may be executed by
any suitable computing device(s), as aspects of the technol-
ogy described herein are not limited in this respect. For
example, process 500 may be executed by one or more
computer processors described with reference to FIGS. 7A
and 7B. As another example, one or more acts of process 500
may be executed using one or more servers (e.g., servers
included as a part of a cloud computing environment). For
example, at least a portion of act 510 relating to training of
a statistical model (e.g., a neural network) may be performed
using a cloud computing environment.

Process 500 begins at act 502, where a plurality of sensor
signals are obtained for one or multiple users performing
one or more movements (e.g., typing on a keyboard). In
some embodiments, the plurality of sensor signals may be
recorded as part of process 500. In other embodiments, the
plurality of sensor signals may have been recorded prior to
the performance of process 500 and are accessed (rather than
recorded) at act 502.

In some embodiments, the plurality of sensor signals may
include sensor signals recorded for a single user performing
a single movement or multiple movements. The user may be
instructed to perform a sequence of movements for a par-
ticular task (e.g., opening a door) and sensor signals corre-
sponding to the user’s movements may be recorded as the
user performs the task he/she was instructed to perform. The
sensor signals may be recorded by any suitable number of
sensors located in any suitable location(s) to detect the
user’s movements that are relevant to the task performed.
For example, after a user is instructed to perform a task with
the fingers of his/her right hand, the sensor signals may be
recorded by multiple neuromuscular sensors circumferen-
tially (or otherwise) arranged around the user’s lower right
arm to detect muscle activity in the lower right arm that give
rise to the right hand movements and one or more IMU
sensors arranged to predict the joint angle of the user’s arm
relative to the user’s torso. As another example, after a user
is instructed to perform a task with his/her leg (e.g., to kick
an object), sensor signals may be recorded by multiple
neuromuscular sensors circumferentially (or otherwise)
arranged around the user’s leg to detect muscle activity in
the leg that give rise to the movements of the foot and one
or more IMU sensors arranged to predict the joint angle of
the user’s leg relative to the user’s torso.

In some embodiments, the sensor signals obtained in act
502 correspond to signals from one type of sensor (e.g., one
or more IMU sensors or one or more neuromuscular sensors)
and a statistical model may be trained based on the sensor
signals recorded using the particular type of sensor, resulting
in a sensor-type specific trained statistical model. For
example, the obtained sensor signals may comprise a plu-
rality of EMG sensor signals arranged around the lower arm
or wrist of a user and the statistical model may be trained to
predict musculoskeletal position information for movements
of the wrist and/or hand during performance of a task such
as grasping and twisting an object such as a doorknob.

In embodiments that provide predictions based on mul-
tiple types of sensors (e.g., IMU sensors, EMG sensors,
MMG sensors, SMG sensors), a separate statistical model
may be trained for each of the types of sensors and the
outputs of the sensor-type specific models may be combined
to generate a musculoskeletal representation of the user’s
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body. In other embodiments, the sensor signals obtained in
act 502 from two or more different types of sensors may be
provided to a single statistical model that is trained based on
the signals recorded from the different types of sensors. In
one illustrative implementation, an IMU sensor and a plu-
rality of EMG sensors are arranged on a wearable device
configured to be worn around the forearm of a user, and
signals recorded by the IMU and EMG sensors are collec-
tively provided as inputs to a statistical model, as discussed
in more detail below.

In some embodiments, the sensor signals obtained in act
502 are recorded at multiple time points as a user performs
one or multiple movements. As a result, the recorded signal
for each sensor may include data obtained at each of
multiple time points. Assuming that n sensors are arranged
to simultaneously measure the user’s movement information
during performance of a task, the recorded sensor signals for
the user may comprise a time series of K n-dimensional
vectors {x,/1<k<K} at time points t,, t,, . . . , t; during
performance of the movements.

In some embodiments, a user may be instructed to per-
form a task multiple times and the sensor signals and
position information may be recorded for each of multiple
repetitions of the task by the user. In some embodiments, the
plurality of sensor signals may include signals recorded for
multiple users, each of the multiple users performing the
same task one or more times. Fach of the multiple users may
be instructed to perform the task and sensor signals and
position information corresponding to that user’s move-
ments may be recorded as the user performs (once or
repeatedly) the task he/she was instructed to perform. When
sensor signals are collected by multiple users which are
combined to generate a statistical model, an assumption is
that different users employ similar musculoskeletal positions
to perform the same movements. Collecting sensor signals
and position information from a single user performing the
same task repeatedly and/or from multiple users performing
the same task one or multiple times facilitates the collection
of sufficient training data to generate a statistical model that
can accurately predict musculoskeletal position information
associated with performance of the task.

In some embodiments, a user-independent statistical
model may be generated based on training data correspond-
ing to the recorded signals from multiple users, and as the
system is used by a user, the statistical model is trained
based on recorded sensor data such that the statistical model
learns the user-dependent characteristics to refine the pre-
diction capabilities of the system for the particular user.

In some embodiments, the plurality of sensor signals may
include signals recorded for a user (or each of multiple
users) performing each of multiple tasks one or multiple
times. For example, a user may be instructed to perform each
of multiple tasks (e.g., grasping an object, pushing an object,
and pulling open a door) and signals corresponding to the
user’s movements may be recorded as the user performs
each of the multiple tasks he/she was instructed to perform.
Collecting such data may facilitate developing a statistical
mode] for predicting musculoskeletal position information
associated with multiple different actions that may be taken
by the user. For example, training data that incorporates
musculoskeletal position information for multiple actions
may facilitate generating a statistical model for predicting
which of multiple possible movements a user may be
performing.

As discussed above, the sensor data obtained at act 502
may be obtained by recording sensor signals as each of one
or multiple users performs each of one or more tasks one or
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more multiple times. As the user(s) perform the task(s),
position information describing the spatial position of dif-
ferent body segments during performance of the task(s) may
be obtained in act 504. In some embodiments, the position
information is obtained using one or more external devices
or systems that track the position of different points on the
body during performance of a task. For example, a motion
capture system, a laser scanner, a device to measure mutual
magnetic induction, or some other system configured to
capture position information may be used. As one non-
limiting example, a plurality of position sensors may be
placed on segments of the fingers of the right hand and a
motion capture system may be used to determine the spatial
location of each of the position sensors as the user performs
a task such as grasping an object. The sensor data obtained
at act 502 may be recorded simultaneously with recording of
the position information obtained in act 504. In this
example, position information indicating the position of
each finger segment over time as the grasping motion is
performed is obtained.

Next, process 500 proceeds to act 506, where the sensor
signals obtained in act 502 and/or the position information
obtained in act 504 are optionally processed. For example,
the sensor signals or the position information signals may be
processed using amplification, filtering, rectification, or
other types of signal processing.

Next, process 500 proceeds to act 508, where musculo-
skeletal position characteristics are determined based on the
position information (as collected in act 504 or as processed
in act 506). In some embodiments, rather than using
recorded spatial (e.g., X, y, Z) coordinates corresponding to
the position sensors as training data to train the statistical
model, a set of derived musculoskeletal position character-
istic values are determined based on the recorded position
information, and the derived values are used as training data
for training the statistical model. For example, using infor-
mation about the constraints between connected pairs of
rigid segments in the articulated rigid body model, the
position information may be used to determine joint angles
that define angles between each connected pair of rigid
segments at each of multiple time points during performance
of a task. Accordingly, the position information obtained in
act 504 may be represented by a vector of n joint angles at
each of a plurality of time points, where n is the number of
joints or connections between segments in the articulated
rigid body model.

Next, process 500 proceeds to act 510, where the time
series information obtained at acts 502 and 508 is combined
to create training data used for training a statistical model at
act 510. The obtained data may be combined in any suitable
way. In some embodiments, each of the sensor signals
obtained at act 502 may be associated with a task or
movement within a task corresponding to the musculoskel-
etal position characteristics (e.g., joint angles) determined
based on the positional information recorded in act 504 as
the user performed the task or movement. In this way, the
sensor signals may be associated with musculoskeletal posi-
tion characteristics (e.g., joint angles) and the statistical
model may be trained to predict that the musculoskeletal
representation will be characterized by particular musculo-
skeletal position characteristics between different body seg-
ments when particular sensor signals are recorded during
performance of a particular task.

In embodiments comprising sensors of different types
(e.g., IMU sensors and neuromuscular sensors) configured
to simultaneously record different types of movement infor-
mation during performance of a task, the sensor data for the
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different types of sensors may be recorded using the same or
different sampling rates. When the sensor data is recorded at
different sampling rates, at least some of the sensor data may
be resampled (e.g., up-sampled or down-sampled) such that
all sensor data provided as input to the statistical model
corresponds to time series data at the same time resolution.
Resampling at least some of the sensor data may be per-
formed in any suitable way including, but not limited to
using interpolation for upsampling and using decimation for
downsampling.

In addition to or as an alternative to resampling at least
some of the sensor data when recorded at different sampling
rates, some embodiments employ a statistical model con-
figured to accept multiple inputs asynchronously. For
example, the statistical model may be configured to model
the distribution of the “missing” values in the input data
having a lower sampling rate. Alternatively, the timing of
training of the statistical model occur asynchronously as
input from multiple sensor data measurements becomes
available as training data.

Next, process 500 proceeds to act 512, where a statistical
model for predicting musculoskeletal position information is
trained using the training data generated at act 510. The
statistical model being trained may take as input a sequence
of data sets each of the data sets in the sequence comprising
an n-dimensional vector of sensor data. The statistical model
may provide output that indicates, for each of one or more
tasks or movements that may be performed by a user, the
likelihood that the musculoskeletal representation of the
user’s body will be characterized by a set of musculoskeletal
position characteristics (e.g., a set of joint angles between
segments in an articulated multi-segment body model). For
example, the statistical model may take as input a sequence
of vectors {x,/1=k<K} generated using measurements
obtained at time points t,, t,, . . ., tz, where the ith
component of vector X, is a value measured by the ith sensor
at time t; and/or derived from the value measured by the ith
sensor at time t,. In another non-limiting example, a derived
value provided as input to the statistical model may com-
prise features extracted from the data from all or a subset of
the sensors at and/or prior to time t, (e.g., a covariance
matrix, a power spectrum, a combination thereof, or any
other suitable derived representation). Based on such input,
the statistical model may provide output indicating, a prob-
ability that a musculoskeletal representation of the user’s
body will be characterized by a set of musculoskeletal
position characteristics. As one non-limiting example, the
statistical model may be trained to predict a set of joint
angles for segments in the fingers in the hand over time as
auser grasps an object. In this example, the trained statistical
model may output, a set of predicted joint angles for joints
in the hand corresponding to the sensor input.

In some embodiments, the statistical model may be a
neural network and, for example, may be a recurrent neural
network. In some embodiments, the recurrent neural net-
work may be a long short-term memory (LSTM) neural
network. It should be appreciated, however, that the recur-
rent neural network is not limited to being an LSTM neural
network and may have any other suitable architecture. For
example, in some embodiments, the recurrent neural net-
work may be a fully recurrent neural network, a recursive
neural network, a variational autoencoder, a Hopfield neural
network, an associative memory neural network, an Elman
neural network, a Jordan neural network, an echo state
neural network, a second order recurrent neural network,
and/or any other suitable type of recurrent neural network.
In other embodiments, neural networks that are not recurrent
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neural networks may be used. For example, deep neural
networks, convolutional neural networks, and/or feedfor-
ward neural networks, may be used.

In some of the embodiments in which the statistical model
is a neural network, the output layer of the neural network
may provide a set of output values corresponding to a
respective set of possible musculoskeletal position charac-
teristics (e.g., joint angles). In this way, the neural network
may operate as a non-linear regression model configured to
predict musculoskeletal position characteristics from raw or
pre-processed sensor measurements. It should be appreci-
ated that, in some embodiments, any other suitable non-
linear regression model may be used instead of a neural
network, as aspects of the technology described herein are
not limited in this respect.

In some embodiments, the neural network can be imple-
mented based on a variety of topologies and/or architectures
including deep neural networks with fully connected (dense)
layers, Long Short-Term Memory (LSTM) layers, convolu-
tional layers, Temporal Convolutional Layers (TCL), or
other suitable type of deep neural network topology and/or
architecture. The neural network can have different types of
output layers including output layers with logistic sigmoid
activation functions, hyperbolic tangent activation func-
tions, linear units, rectified linear units, or other suitable type
of nonlinear unit. Likewise, the neural network can be
configured to represent the probability distribution over n
different classes via, for example, a softmax function or
include an output layer that provides a parameterized dis-
tribution e.g., mean and variance of a Gaussian distribution.

It should be appreciated that aspects of the technology
described herein are not limited to using neural networks, as
other types of statistical models may be employed in some
embodiments. For example, in some embodiments, the
statistical model may comprise a hidden Markov model, a
Markov switching model with the switching allowing for
toggling among different dynamic systems, dynamic Bayes-
ian networks, and/or any other suitable graphical model
having a temporal component. Any such statistical model
may be trained at act 512 using the sensor data obtained at
act 502.

As another example, in some embodiments, the statistical
model may take as input, features derived from the sensor
data obtained at act 502. In such embodiments, the statistical
model may be trained at act 512 using features extracted
from the sensor data obtained at act 502. The statistical
model may be a support vector machine, a Gaussian mixture
model, a regression based classifier, a decision tree classifier,
a Bayesian classifier, and/or any other suitable classifier, as
aspects of the technology described herein are not limited in
this respect. Input features to be provided as training data to
the statistical model may be derived from the sensor data
obtained at act 502 in any suitable way. For example, the
sensor data may be analyzed as time series data using
wavelet analysis techniques (e.g., continuous wavelet trans-
form, discrete-time wavelet transform, etc.), Fourier-ana-
Iytic techniques (e.g., short-time Fourier transform, Fourier
transform, etc.), and/or any other suitable type of time-
frequency analysis technique. As one non-limiting example,
the sensor data may be transformed using a wavelet trans-
form and the resulting wavelet coeflicients may be provided
as inputs to the statistical model.

In some embodiments, at act 512, values for parameters of
the statistical model may be estimated from the training data
generated at act 510. For example, when the statistical
model is a neural network, parameters of the neural network
(e.g., weights) may be estimated from the training data. In
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some embodiments, parameters of the statistical model may
be estimated using gradient descent, stochastic gradient
descent, and/or any other suitable iterative optimization
technique. In embodiments where the statistical model is a
recurrent neural network (e.g., an LSTM), the statistical
model may be trained using stochastic gradient descent and
backpropagation through time. The training may employ a
cross-entropy loss function and/or any other suitable loss
function, as aspects of the technology described herein are
not limited in this respect.

Next, process 500 proceeds to act 514, where the trained
statistical model is stored (e.g., in datastore—not shown).
The trained statistical model may be stored using any
suitable format, as aspects of the technology described
herein are not limited in this respect. In this way, the
statistical model generated during execution of process 500
may be used at a later time, for example, to predict muscu-
loskeletal position information (e.g., joint angles) for a given
set of input sensor data, as described below.

In some embodiments, sensor signals are recorded from a
plurality of sensors (e.g., arranged on or near the surface of
a user’s body) that record activity associated with move-
ments of the body during performance of a task. The
recorded signals may be optionally processed and provided
as input to a statistical model trained using one or more
techniques described above in connection with FIG. 5. In
some embodiments that continuously record autonomous
signals, the continuously recorded signals (raw or pro-
cessed) may be continuously or periodically provided as
input to the trained statistical model for prediction of mus-
culoskeletal position information (e.g., joint angles) for the
given set of input sensor data. As discussed above, in some
embodiments, the trained statistical model is a user-inde-
pendent model trained based on autonomous sensor and
position information measurements from a plurality of users.
In other embodiments, the trained model is a user-dependent
model trained on data recorded from the individual user
from which the data associated with the sensor signals is also
acquired.

After the trained statistical model receives the sensor data
as a set of input parameters, the predicted musculoskeletal
position information is output from the trained statistical
model. As discussed above, in some embodiments, the
predicted musculoskeletal position information may com-
prise a set of musculoskeletal position information values
(e.g., a set of joint angles) for a multi-segment articulated
rigid body model representing at least a portion of the user’s
body. In other embodiments, the musculoskeletal position
information may comprise a set of probabilities that the user
is performing one or more movements from a set of possible
movements.

In some embodiments, after musculoskeletal position
information is predicted, a computer-based musculoskeletal
representation of the user’s body is generated based, at least
in part, on the musculoskeletal position information output
from the trained statistical model. The computer-based mus-
culoskeletal representation may be generated in any suitable
way. For example, a computer-based musculoskeletal model
of the human body may include multiple rigid body seg-
ments, each of which corresponds to one or more skeletal
structures in the body. For example, the upper arm may be
represented by a first rigid body segment, the lower arm may
be represented by a second rigid body segment the palm of
the hand may be represented by a third rigid body segment,
and each of the fingers on the hand may be represented by
at least one rigid body segment (e.g., at least fourth-eighth
rigid body segments). A set of joint angles between con-
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nected rigid body segments in the musculoskeletal model
may define the orientation of each of the connected rigid
body segments relative to each other and a reference frame,
such as the torso of the body. As new sensor data is measured
and processed by the statistical model to provide new
predictions of the musculoskeletal position information
(e.g., an updated set of joint angles), the computer-based
musculoskeletal representation of the user’s body may be
updated based on the updated set of joint angles determined
based on the output of the statistical model. In this way the
computer-based musculoskeletal representation is dynami-
cally updated in real-time as sensor data is continuously
recorded.

The computer-based musculoskeletal representation may
be represented and stored in any suitable way, as embodi-
ments of the technology described herein are not limited
with regard to the particular manner in which the represen-
tation is stored. Additionally, although referred to herein as
a “musculoskeletal” representation, to reflect that muscle
activity may be associated with the representation in some
embodiments, as discussed in more detail below, it should be
appreciated that some musculoskeletal representations used
in accordance with some embodiments may correspond to
skeletal structures, muscular structures or a combination of
skeletal structures and muscular structures in the body.

In some embodiments, direct measurement of neuromus-
cular activity and/or muscle activity underlying the user’s
movements may be combined with the generated musculo-
skeletal representation. Measurements from a plurality of
sensors placed at locations on a user’s body may be used to
create a unified representation of muscle recruitment by
superimposing the measurements onto a dynamically-posed
skeleton. In some embodiments, muscle activity sensed by
neuromuscular sensors and/or information derived from the
muscle activity (e.g., force information) may be combined
with the computer-generated musculoskeletal representation
in real time.

FIG. 6A illustrates a wearable system with sixteen neu-
romuscular sensors 610 (e.g., EMG sensors) arranged cir-
cumferentially around an elastic band 620 configured to be
worn around a user’s lower arm or wrist. As shown, EMG
sensors 610 are arranged circumferentially around elastic
band 620. It should be appreciated that any suitable number
of neuromuscular sensors may be used. The number and
arrangement of neuromuscular sensors may depend on the
particular application for which the wearable device is used.
For example, a wearable armband or wristband can be used
to generate control information for controlling an augmented
reality system, a robot, controlling a vehicle, scrolling
through text, controlling a virtual avatar, or any other
suitable control task.

In some embodiments, sensors 610 includes a set of
neuromuscular sensors (e.g., EMG sensors). In other
embodiments, sensors 610 can include a set of neuromus-
cular sensors and at least one “auxiliary” sensor configured
to continuously record auxiliary signals. Examples of aux-
iliary sensors include, but are not limited to, other sensors
such as IMU sensors, microphones, imaging sensors (e.g., a
camera), radiation based sensors for use with a radiation-
generation device (e.g., a laser-scanning device), or other
types of sensors such as a heart-rate monitor. As shown the
sensors 610 may be coupled together using flexible elec-
tronics 630 incorporated into the wearable device. FIG. 6B
illustrates a cross-sectional view through one of the sensors
610 of the wearable device shown in FIG. 6A.

In some embodiments, the output of one or more of the
sensing components can be optionally processed using hard-
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ware signal processing circuitry (e.g., to perform amplifi-
cation, filtering, and/or rectification). In other embodiments,
at least some signal processing of the output of the sensing
components can be performed in software. Thus, signal
processing of signals sampled by the sensors can be per-
formed in hardware, software, or by any suitable combina-
tion of hardware and software, as aspects of the technology
described herein are not limited in this respect. A non-
limiting example of a signal processing chain used to
process recorded data from sensors 610 is discussed in more
detail below in connection with FIGS. 7A and 7B

FIGS. 7A and 7B illustrate a schematic diagram with
internal components of a wearable system with sixteen EMG
sensors, in accordance with some embodiments of the tech-
nology described herein. As shown, the wearable system
includes a wearable portion 710 (FIG. 7A) and a dongle
portion 720 (FIG. 7B) in communication with the wearable
portion 710 (e.g., via Bluetooth or another suitable short
range wireless communication technology). As shown in
FIG. 7A, the wearable portion 710 includes the sensors 610,
examples of which are described in connection with FIGS.
6A and 6B. The output of the sensors 610 is provided to
analog front end 730 configured to perform analog process-
ing (e.g., noise reduction, filtering, etc.) on the recorded
signals. The processed analog signals are then provided to
analog-to-digital converter 732, which converts the analog
signals to digital signals that can be processed by one or
more computer processors. An example of a computer
processor that may be used in accordance with some
embodiments is microcontroller (MCU) 734 illustrated in
FIG. TA. As shown, MCU 734 may also include inputs from
other sensors (e.g., IMU sensor 740), and power and battery
module 742. The output of the processing performed by
MCU may be provided to antenna 750 for transmission to
dongle portion 720 shown in FIG. 7B.

Dongle portion 720 includes antenna 752 configured to
communicate with antenna 750 included as part of wearable
portion 710. Communication between antenna 750 and 752
may occur using any suitable wireless technology and
protocol, non-limiting examples of which include radiofre-
quency signaling and Bluetooth. As shown, the signals
received by antenna 752 of dongle portion 720 may be
provided to a host computer for further processing, display,
and/or for effecting control of a particular physical or virtual
object or objects.

The above-described embodiments can be implemented
in any of numerous ways. For example, the embodiments
may be implemented using hardware, software or a combi-
nation thereof. When implemented in software, the software
code can be executed on any suitable processor or collection
of processors, whether provided in a single computer or
distributed among multiple computers. It should be appre-
ciated that any component or collection of components that
perform the functions described above can be generically
considered as one or more confrollers that control the
above-discussed functions. The one or more controllers can
be implemented in numerous ways, such as with dedicated
hardware or with one or more processors programmed using
microcode or software to perform the functions recited
above.

In this respect, it should be appreciated that one imple-
mentation of the embodiments of the present invention
comprises at least one non-transitory computer-readable
storage medium (e.g., a computer memory, a portable
memory, a compact disk, etc.) encoded with a computer
program (i.e., a plurality of instructions), which, when
executed on a processor, performs the above-discussed
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functions of the embodiments of the present invention. The
computer-readable storage medium can be transportable
such that the program stored thereon can be loaded onto any
computer resource to implement the aspects of the present
invention discussed herein. In addition, it should be appre-
ciated that the reference to a computer program which, when
executed, performs the above-discussed functions, is not
limited to an application program running on a host com-
puter. Rather, the term computer program is used herein in
a generic sense to reference any type of computer code (e.g.,
software or microcode) that can be employed to program a
processor to implenient the above-discussed aspects of the
present invention.
Various aspects of the present invention may be used
alone, in combination, or in a variety of arrangements not
specifically discussed in the embodiments described in the
foregoing and are therefore not limited in their application to
the details and arrangement of components set forth in the
foregoing description or illustrated in the drawings. For
example, aspects described in one embodiment may be
combined in any manner with aspects described in other
embodiments.
Also, embodiments of the invention may be implemented
as one or more methods, of which an example has been
provided. The acts performed as part of the method(s) may
be ordered in any suitable way. Accordingly, embodiments
may be constructed in which acts are performed in an order
different than illustrated, which may include performing
some acts simultaneously, even though shown as sequential
acts in illustrative embodiments.
Use of ordinal terms such as “first,” “second,” “third,”
etc., in the claims to modify a claim element does not by
itself connote any priority, precedence, or order of one claim
element over another or the temporal order in which acts of
a method are performed. Such terms are used merely as
labels to distinguish one claim element having a certain
name from another element having a same name (but for use
of the ordinal term).
The phraseology and terminology used herein is for the
purpose of description and should not be regarded as lim-
iting. The use of “including,” “comprising,” “having,” “con-
taining”, “involving”, and variations thereof, is meant to
encompass the items listed thereafter and additional items.
Having described several embodiments of the invention in
detail, various modifications and improvements will readily
occur to those skilled in the art. Such modifications and
improvements are intended to be within the spirit and scope
of the invention. Accordingly, the foregoing description is
by way of example only, and is not intended as limiting. The
invention is limited only as defined by the following claims
and the equivalents thereto.
What is claimed is:
1. A computerized system configured to calibrate perfor-
mance of one or more statistical models used to generate a
musculoskeletal representation, the system comprising:
a plurality of neuromuscular sensors configured to con-
tinuously record a plurality of neuromuscular signals,
wherein the plurality of neuromuscular sensors are
arranged on at least one wearable device; and
at least one computer processor programmed to:
process at least some of the plurality of neuromuscular
signals using a statistical model to generate based, at
least in part, on joint angle estimates and/or force
estimates output from the statistical model, the mus-
culoskeletal representation;

determine based, at least in part, on at least one aspect
of the musculoskeletal representation, that calibra-
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tion of the statistical model used to generate the
musculoskeletal representation is needed;
initiate a calibration session in response to determining
that calibration is needed;
update a statistical model configuration based, at least
in part, on a plurality of neuromuscular signals
recorded by the plurality of neuromuscular sensors
and ground-truth data representing position informa-
tion and/or force information recorded during the
calibration session to produce an updated statistical
model;
process at least some of the plurality of neuromuscular
signals using the updated statistical model to genet-
ate an updated musculoskeletal representation;
determine, based, at least in part, on the at least one
aspect of the updated musculoskeletal representation
whether further calibration of the statistical model is
needed; and
end the calibration session in response to determining
that further calibration is not needed.
2. The computerized system of claim 1, wherein updating
the statistical model configuration comprises selecting a
different statistical model to generate the updated musculo-
skeletal representation than the statistical model used to
generate to the musculoskeletal representation.
3. The computerized system of claim 1, further compris-
ing:
a user interface configured to instruct a user to perform at
least one gesture during the configuration session,

wherein the at least one computer processor is further
programmed to control presentation of instructions via
the user interface to instruct the user to perform the at
least one gesture, and

wherein updating the statistical model configuration is

based, at least in part, on a plurality of neuromuscular
signals recorded by the plurality of neuromuscular
sensors during performance of the at least one gesture
by the user.

4. The computerized system of claim 3, wherein the at
least one computer processor is further programmed to
update the statistical model configuration based, at least in
part, on stored estimates of one or more of position infor-
mation, force information, and neuromuscular information
for the at least one gesture.

5. The computerized system of claim 3, wherein instruct-
ing the user to perform at least one gesture comprises
instructing the user to perform a predetermined set of
gestures.

6. The computerized system of claim 5 wherein control-
ling presentation of the instructions via the user interface
comprises instructing the user to perform the gestures of the
predetermined set in succession.

7. The computerized system of claim 1, wherein the at
least one computer processor is further programmed to
control at least one external device to capture the ground-
truth data.

8. The computerized system of claim 7, wherein the at
least one external device comprises an imaging device
configured to capture at least one image, and wherein the
ground-truth data is determined based, at least in part, on the
at least one image.

9. The computerized system of claim 7, wherein the at
least one external device comprises an inertial measurement
unit.

10. The computerized system of claim 7, wherein the at
least one external device comprises a plurality of external
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devices, each of which is configured to capture the position
information or the force information of the ground-truth
data.

11. The computerized system of claim 1, wherein updat-
ing the statistical model configuration comprises training the
statistical model based, at least in part, on the plurality of
neuromuscular signals recorded during the calibration ses-
sion.

12. The computerized system of claim 1, wherein the
statistical model is a trained statistical model, and wherein
updating the statistical model configuration comprises
adjusting one or more parameters provided as input to the
trained statistical model without retraining the trained sta-
tistical model.

13. The computerized system of claim 1, wherein the at
least one computer processor is further programmed to
provide feedback to a user during the calibration session,
wherein the feedback relates to the extent of a match
between the updated musculoskeletal representation and the
ground-truth data recorded during the calibration session.

14. The computerized system of claim 13, wherein pro-
viding feedback to the user comprises providing visual
feedback.

15. The computerized system of claim 1, wherein deter-
mining that calibration is needed comprises identifying,
based on the at least one aspect of the musculoskeletal
representation, at least one gesture characteristic that the
statistical model is poor at estimating.

16. The computerized system of claim 1, wherein the at
least one computer processor is further programmed to
render a visual representation associated with the hand based
on the musculoskeletal representation and/or the updated
musculoskeletal representation.

17. The computerized system of claim 16, wherein the
visual representation is rendered during the calibration ses-
sion.

18. The computerized system of claim 1, wherein the at
least one computer processor is further programmed to:

continuously track a calibration of a performance of the

statistical model during usage of the statistical model
following training; and

initiate a calibration session when the calibration of the

performance deviates from an acceptable calibration
threshold by a particular amount.

19. The computerized system of claim 1, wherein updat-
ing the statistical model configuration comprises updating a
plurality of model parameters, and wherein the at least one
computer processor is further programmed to:

store a user profile that includes user-specific calibration

parameters, wherein the user-specific calibration
parameters includes a subset of the plurality of model
parameters.

20. The computerized system of claim 19, wherein the
user-specific calibration parameters include at least one joint
stiffness parameter.

21. A method of calibrating performance of one or more
statistical models used to generate a musculoskeletal repre-
sentation, the method comprising:

recording a plurality of neuromuscular signals using a

plurality of neuromuscular sensors arranged on at least
one wearable device;

processing at least some of the plurality of neuromuscular

signals using a statistical model to generate based, at
least in part, on joint angle estimates and/or force
estimates output from the statistical model, the mus-
culoskeletal representation;
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determining based, at least in part, on at least one aspect
of the musculoskeletal representation, that calibration
of the statistical model used to generate the musculo-
skeletal representation is needed;
initiating a calibration session in response to determining
that calibration is needed;
updating a statistical model configuration based, at least
in part on a plurality of neuromuscular signals recorded
by the plurality of neuromuscular sensors and ground-
truth data representing position information and/or
force information recorded during the calibration ses-
sion to produce an updated statistical model;
processing at least some of the plurality of neuromuscular
signals using the updated statistical model to generate
an updated musculoskeletal representation;
determining, based, at least in part, on the at least one
aspect of the updated musculoskeletal representation
whether further calibration of the statistical model is
needed; and
ending the calibration session in response to determining
that further calibration is not needed.
22. A computerized system configured to calibrate per-
formance of one or more statistical models used to generate
a musculoskeletal representation, the system comprising:
a user interface configured to instruct a user to perform at
least one gesture while wearing a wearable device
having a plurality of neuromuscular sensors arranged
thereon; and
at least one computer processor programmed to:
control presentation of instructions via the user inter-
face to instruct the user to perform the at least one
gesture;

update at least one parameter of the one or more
statistical models based, at least in part, on a plurality
of neuromuscular signals recorded by the plurality of
neuromuscular sensors during performance of the at
least one gesture by the user;

identify, based on at least one aspect of the musculo-
skeletal representation generated based, at least in
part, on joint angle estimates and/or force estimates
output from the one or more statistical models, a
plurality of gesture characteristics that the one or
more statistical models is poor at estimating;

select a new gesture for the user to perform that
includes the identified plurality of gesture character-
istics;

control presentation of instructions via the user inter-
face to instruct the user to perform the new gesture;
and

update at least one parameter of the one or more
statistical models based, at least in part, on the
plurality of neuromuscular signals recorded by the
neuromuscular sensors during performance of the
new gesture by the user.

23. The computerized system of claim 22, wherein the at
least one computer processor is further programmed to
update at least one parameter of the one or more statistical
models based, at least in part, on stored estimates of one or
more of position information, force information, and neu-
romuscular information for the at least one gesture.

24. The computerized system of claim 22, wherein the at
least one computer processor is further programmed to:

control at least one external device to capture at least one
measurement of position and/or force information dur-
ing performance of the at least one gesture; and
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update the at least one parameter of the one or more
statistical models based, at least in part, on the at least
one measurement of position and/or force information.

25. The computerized system of claim 22, wherein updat-
ing the at least one parameter of the one or more statistical
models comprises training the one or more statistical models
based, at least in part, on the plurality of neuromuscular
signals recorded by the neuromuscular sensors during per-
formance of the at least one gesture by the user.

26. The computerized system of claim 22, wherein the one
or more statistical models includes a trained statistical
model, and wherein updating the at least one parameter of
the one or more statistical models comprises adjusting one
or more parameters provided as input to the trained statis-
tical model without retraining the trained statistical model.

27. The computerized system of claim 22, wherein the at
least one computer processor is further programmed to
provide feedback to the user, wherein the feedback indicates
to the user whether the performance of the at least one
gesture has been performed as instructed.

28. A method of calibrating performance of one or more
statistical models used to generate a musculoskeletal repre-
sentation, the method comprising:

instructing, via a user interface, a user to perform at least

one gesture while wearing a wearable device having a
plurality of neuromuscular sensors arranged thereon;

20
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controlling presentation of instructions via the user inter-
face to instruct the user to perform the at least one
gesture;

updating at least one parameter of the one or more
statistical models based, at least in part, on a plurality
of neuromuscular signals recorded by the plurality of
neuromuscular sensors during performance of the at
least one gesture by the user;

identifying, based on at least one aspect of the musculo-
skeletal representation generated based, at least in part,
on joint angle estimates and/or force estimates output
from the one or more statistical models, a plurality of
gesture characteristics that the one or more statistical
models is poor at estimating;

selecting a new gesture for the user to perform that
includes the identified plurality of gesture characteris-
tics;

controlling presentation of instructions via the user inter-
face to instruct the user to perform the new gesture; and

updating at least one parameter of the one or more
statistical models based, at least in part, on the plurality
of neuromuscular signals recorded by the neuromus-
cular sensors during performance of the new gesture by
the user.
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