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REAL-TIME SPIKE DETECTION AND
IDENTIFICATION

RELATED APPLICATIONS

[0001] This application is a Non-Provisional of Provi-
sional (35 USC § 119(e)) of U.S. Application Ser. No.
62/718,337, filed Aug. 13, 2018, entitled “REAL-TIME
SPIKE DETECTION AND IDENTIFICATION”, which is
incorporated by reference in its entirety.

BACKGROUND

[0002] Neuromuscular signals arising from the human
central nervous system may reflect neural activation that
results in the contraction of one or more muscles in the
human body. Neuromuscular sensors, an example of which
includes electromyography (EMG) sensors, placed on the
surface of the human body record neuromuscular activity
produced when skeletal muscle cells are activated. The
neuromuscular activity measured by neuromuscular sensors
may result from neural activation, muscle excitation, muscle
contraction, or a combination of the neural activation and
muscle contraction. Signals recorded by neuromuscular sen-
sors are routinely used to assess neuromuscular dysfunction
in patients with motor control disorders and have been used
in some applications as control signals for devices such as
prosthetic limbs.

SUMMARY

[0003] Coordinated movements of skeletal muscles in the
human body that collectively result in the performance of a
motor task originate with neural signals arising in the central
nervous system. The neural signals travel from the central
nervous system to muscles via spinal motor neurons, each of
which has a cell body in the spinal cord and axon terminals
on one or more muscle fibers. In response to receiving the
neural signals, the muscle fibers contract resulting in muscle
movement. A spinal motor neuron and the muscle fiber(s) it
innervates are collectively referred to as a “motor unit.”
Muscles typically include muscle fibers from hundreds of
motor units and simultaneous contraction of muscle fibers in
multiple motor units is usually required for muscle contrac-
tion that results in movement of a skeletal segment and/or a
force to be exerted by a part of the body.

[0004] Muscles exhibit a characteristic pattern of motor
unit recruitment in which motor units are activated in
sequence, where the number of motor units activated
depends on a strength of a desired muscle contraction. When
a motor unit is activated, a motor unit action potential
(MUAP) is generated in each of the muscle fibers of the
motor unit. Neuromuscular sensors such as electromyogra-
phy (EMG) sensors record electrochemical signals that
result in motor activity, such as contraction of a muscle. In
the case of EMG sensors arranged on the surface of the
human body, the biological signals recorded relate to the
generation of MUAPs in muscle fibers of a motor unit. A
MUAP only occurs when the corresponding motor unit is
triggered by its motor neuron. Some embodiments are
directed to analyzing neuromuscular signals to identify spike
events in a motor neuron of a motor unit that results in the
generation of MUAPs in the muscle fibers of the motor unit.
Control signals determined based on one or more identified
spike events may be used in some embodiments to control
the operation of a device.
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[0005] Some embodiments are directed to a computerized
system. The computerized system comprises a plurality of
neuromuscular sensors configured to record a plurality of
neuromuscular signals from a user, wherein the plurality of
neuromuscular sensors are arranged on one or more wear-
able devices, and at least one computer processor. The at
least one computer processor is programmed to detect, based
on the plurality of neuromuscular signals or information
derived from the plurality of neuromuscular signals, at least
one spike event corresponding to firing of an action potential
in at least one motor unit, determine, based on the plurality
of neuromuscular signals or the information derived from
the plurality of neuromuscular signals, a biological source of
the detected at least one spike event, and generate at least
one output based, at least in part, on the detected at least one
spike event and/or the determined biological source of the
detected at least one spike event.

[0006] According to one aspect, a computerized system is
provided. The system comprises a plurality of neuromuscu-
lar sensors configured to record a plurality of neuromuscular
signals from a user, wherein the plurality of neuromuscular
sensors are arranged on one or more wearable devices, at
least one computer processor programmed to detect, based
on the plurality of neuromuscular signals or information
derived from the plurality of neuromuscular signals, at least
one spike event corresponding to firing of an action potential
in at least one motor unit, determine, based on the plurality
of neuromuscular signals or the information derived from
the plurality of neuromuscular signals, a biological source of
the detected at least one spike event, and generate at least
one output based, at least in part, on the detected at least one
spike event and/or the determined biological source of the
detected at least one spike event.

[0007] According to one embodiment, at least one com-
puter processor is further programmed to apply one or more
criteria for selecting a best biological source from a plurality
of biological sources associated with respective detected
spike events, select at least one best spike event associated
with the best biological source, and subtract a detected
waveform for the at least best spike event from at least one
of the neuromuscular signals, and generating a residual
neuromuscular signal. According to one embodiment, at
least one computer processor is further programmed to
perform an iterative process for processing detected spike
events until no biological source is present within the
residual signal that meets a minimum threshold for selection
as a biological source for spike events. According to one
embodiment, the at least one computer processor is further
programmed to group detected spike events into a muscle-
specific group based on co-activations and sort spike events
within the muscle-specific group to approximate a recruit-
ment curve. According to one embodiment, at least one
computer processor is further programmed to apply at least
one filter to a time-lagged representation of the plurality of
neuromuscular signals, and wherein detecting the at least
one spike event and determining the biological source of the
detected at least one spike event is performed based on the
filtered time-lagged representation of the plurality of neu-
romuscular signals.

[0008] According to one embodiment, applying at least
one filter to a time-lagged representation of the plurality of
neuromuscular sensors comprises using a beamforming pro-
cess to apply a plurality of beamforming filters to the
time-lagged representation of the plurality of neuromuscular
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signals, wherein the plurality of beamforming filters are
filters generated based on spatiotemporal patterns of one or
more spike events. According to one embodiment, the
beamforming process comprises using a minimum variance
distortionless response technique. According to one embodi-
ment, the beamforming process comprises using a linear
constrained minimum variance technique.

[0009] According to one embodiment, the at least one
computer processor is further programmed to determine the
spatiotemporal patterns of the one or more spike events
corresponding to the plurality of beamforming filters.
According to one embodiment, determining the spatiotem-
poral patterns of the one or more spike events corresponding
to the plurality of beamforming filters comprises detecting a
plurality of spike events in recorded neuromuscular signals,
clustering the detected plurality of spike events, and deter-
mining the spatiotemporal patterns based on the clusters of
spike events. According to one embodiment, detecting a
plurality of spike events comprises detecting within the
plurality of neuromuscular signals, periods of low activity,
and detecting within the period of low activity, putative
spike events. According to one embodiment, detecting the
plurality of spike events further comprises analyzing the
detected putative spike events to discard spike events having
one or more particular characteristics. According to one
embodiment, the one or more particular characteristics
include a duration longer than a particular threshold dura-
tion.

[0010] According to one embodiment, the at least one
computer processor is further programmed to detect the at
least one spike event and/or determine the biological source
of the detected at least one spike event using one or more
neural networks. According to one embodiment, the one or
more neural networks includes a convolutional neural net-
work. According to one embodiment, the one or more neural
networks includes a recurrent neural network. According to
one embodiment, the at least one computer processor is
further programmed to detect the at least one spike event and
determine the biological source of the detected at least one
spike event using a multi-step iterative technique to decom-
pose a time-lagged representation of the plurality of neuro-
muscular signals into signal components corresponding to at
least one biological source, and detecting the at least one
spike event from the at least one biological source. Accord-
ing to one embodiment, the multi-step iterative technique
comprises matrix factorization.

[0011] According to one embodiment, generating at least
one output comprises generating compressed data including
an indication of the at least one spike event. According to
one embodiment, the indication of the at least one spike
event is provided as a control signal to a computer-based
system. According to one embodiment, the indication of the
at least one spike event is provided as at least one of a group
comprising a discrete control signal, a continuous control
signal, and a composite control signal. According to one
embodiment, generating at least one output comprises gen-
erating an indication of the at least one spike event. Accord-
ing to one embodiment, the indication of the at least one
spike event includes an indication of a biological source of
the at least one spike event and a time of occurrence of the
at least one spike event.

[0012] According to one embodiment, the at least one
computer processor is programmed to provide feedback to
the user responsive to the at least one output based, at least
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in part, on the detected at least one spike event and/or the
determined biological source of the detected at least one
spike event. According to one embodiment, the at least one
computer processor is programmed to provide feedback to
the user as part of a user training process. According to one
embodiment, the feedback includes at least one of a group
comprising auditory, visual, haptic, and multi-sensory feed-
back. According to one embodiment, the system further
comprises an inertial sensor configured to determine move-
ment artifacts or shifts in spatial location of muscle fibers of
the at least one motor unit relative to one or more of the
plurality of neuromuscular sensors. According to one
embodiment, the at least one computer processor is pro-
grammed to filter or refine an output of an inferential model
responsive to an output of the inertial sensor.

[0013] According to one embodiment, the at least one
computer processor is further programmed to transmit the
compressed data including an indication of the at least one
spike event over one or more wireless networks to an
external device. According to one embodiment, the system
further comprises at least one storage device, and at least one
computer processor is further programmed to store the
compressed data on the at least one storage device.

[0014] According to one embodiment, generating at least
one output comprises generating an updated computerized
musculoskeletal representation comprising a plurality of
rigid body segments connected by joints, wherein generating
the updated computerized musculoskeletal representation
comprises determining based, at least in part, on the detected
at least one spike event and/or the identified biological
source of the detected at least one spike event, musculo-
skeletal position information describing a spatial relation-
ship between two or more connected segments of the
plurality of rigid body segments of the computerized mus-
culoskeletal representation and/or force information describ-
ing a force between two or more segments of the plurality of
rigid body segments of the computerized musculoskeletal
representation, and updating the computerized musculoskel-
etal representation based, at least in part, on the musculo-
skeletal position information and/or the force information.
According to one embodiment, determining the musculo-
skeletal position information and/or the force information
comprises providing as input to a trained inferential model,
the detected at least one spike event and/or the identified
biological source of the detected at least one spike event, and
the musculoskeletal position information and/or the force
information is determined based, at least in part, on an
output of the trained inferential model.

[0015] According to one embodiment, generating at least
one output comprises generating in substantially real-time,
at least one control signal for controlling at least one device.
According to one embodiment, detecting at least one spike
event comprises detecting a spatiotemporal pattern of the at
least one spike event, and generating at least one control
signal comprises generating the at least one control signal
based, at least in part, on at least one characteristic of the
detected spatiotemporal pattern of the at least one spike
event. According to one embodiment, the at least one
characteristic comprises a rate of the at least one spike event
and/or a spatial distribution of the detected spatiotemporal
pattern of the at least one spike event. According to one
embodiment, the identified biological source comprises a
motor unit. According to one embodiment, the identified
biological source comprises a plurality of motor units.
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According to one embodiment, the identified biological
source comprises a muscle. According to one embodiment,
the identified biological source comprises a plurality of
muscles.

[0016] According to one embodiment, determining the
biological source of the at least one spike event comprises
determining that the at least one spike event is associated
with a motor unit or group of motor units, at least one
computer processor is further programmed to determine a
muscle to which the motor unit or group of motor units
belongs, and wherein generating at least one output com-
prises generating the at least one output based on the
determined muscle to which the motor unit or group of
motor units belongs. According to one embodiment, the
determined muscle is associated with a motor unit recruit-
ment sequence describing a sequence of activation of motor
units for the determined muscle, and wherein the at least one
computer processor is further programmed to determine
where the motor unit or group of motor units fall within the
motor unit recruitment sequence of the determined muscle.
[0017] According to one embodiment, the system further
comprises at least one auxiliary sensor configured to record
a plurality of auxiliary signals, and wherein the at least one
computer processor is further programmed to generate the at
least one output based, at least in part, on the plurality of
auxiliary signals. According to one embodiment, the at least
one auxiliary sensor comprises at least one inertial measure-
ment unit (IMU) sensor configured to record a plurality of
IMU signals, and wherein the at least one computer proces-
sor is further programmed to generate the at least one output
based, at least in part, on the plurality of IMU signals and/or
information derived from the plurality of IMU signals.
According to one embodiment, at least one auxiliary sensor
comprises at least one camera configured to record one or
more images, and wherein the at least one computer pro-
cessor is further programmed to generate the at least one
output based, at least in part, on the one or more images
and/or information derived from the one or more images.
According to one embodiment, detecting the at least one
spike event is further based on the one or more images
and/or the information derived from the one or more images.
[0018] According to one embodiment, the at least one
computer processor is included as a portion of a device
separate from and in communication with the plurality of
neuromuscular sensors arranged on the one or more wear-
able devices, and wherein the plurality of neuromuscular
sensors are configured to wireless stream in substantially
real-time, the plurality of neuromuscular signals and/or the
information derived from the plurality of neuromuscular
signals to the at least one computer processor. According to
one embodiment, the device separate from and in commu-
nication with the plurality of neuromuscular sensors is a
device selected from the group consisting of a remote server,
a desktop computer, a laptop computer, a smartphone, and a
wearable electronic device. According to one embodiment,
the wearable electronic device is a smartwatch, a health
monitoring device, smart glasses, or an augmented reality
system. According to one embodiment, at least one com-
puter processor is integrated with the one or more wearable
devices on which the plurality of neuromuscular sensors are
arranged.

[0019] According to one embodiment, at least one com-
puter processor comprises at least one first computer pro-
cessor included as a portion of a device separate from and in
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communication with the plurality of neuromuscular sensors
arranged on the one or more wearable devices and at least
one second computer processor integrated with the one or
more wearable devices on which the plurality of neuromus-
cular sensors are arranged. According to one embodiment,
the plurality of neuromuscular sensors are configured to
transmit at least some of the plurality of neuromuscular
signals to the at least one first computer processor, wherein
the at least one first computer processor is programmed to
train, based on the at least some of the plurality of neuro-
muscular signals transmitted from the plurality of neuro-
muscular sensors, at least one spike detection model and/or
at least one spike identification model, transmit the trained
at least one spike detection model and/or the at least one
spike identification model to the at least one second com-
puter processor, and wherein the at least one second com-
puter processor is programmed to detect the at least one
spike event and determine the biological source of the
detected at least one spike event using the at least one spike
detection model and/or the at least one spike identification
model transmitted from the at least one first computer
processor.

[0020] According to one embodiment, the at least one
spike detection model and/or at least one spike identification
model] are trained to estimate at least one of a group
comprising whether the user is activating a particular motor
unit, whether the user is activating a particular motor unit
with a particular timing, and whether the user is activating
a particular combination of motor units. According to one
embodiment, detecting at least one spike event correspond-
ing to firing of an action potential in at least one motor unit
comprises detecting at least one spike event corresponding
to firing of an action potential in a plurality of motor units.
According to one embodiment, at least one computer pro-
cessor is further programmed to threshold the filtered time-
lagged representation of the plurality of neuromuscular
signals to detect the at least one spike event.

[0021] According to one aspect, a computer-implemented
method of detecting spike events in neuromuscular data is
provided. The method comprises receiving a plurality of
neuromuscular signals from a plurality of neuromuscular
sensors arranged on one or more wearable devices worn by
a user, detecting, based on the plurality of neuromuscular
signals or information derived from the plurality of neuro-
muscular signals, at least one spike event corresponding to
firing of an action potential in at least one motor unit,
determining, based on the plurality of neuromuscular signals
or the information derived from the plurality of neuromus-
cular signals, a biological source of the detected at least one
spike event, and generating at least one output based, at least
in part, on the detected at least one spike event and/or the
determined biological source of the detected at least one
spike event.

[0022] According to one embodiment the method further
comprises applying one or more criteria for selecting a best
biological source from a plurality of biological sources
associated with respective detected spike events, selecting at
least one best spike event associated with the best biological
source, and subtracting a detected waveform for the at least
best spike event from at least one of the neuromuscular
signals, and generating a residual neuromuscular signal.
According to one embodiment, the method further com-
prises performing an iterative process for processing
detected spike events until no biological source is present
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within the residual signal that meets a minimum threshold
for selection as a biological source for spike events. Accord-
ing to one embodiment, the method further comprises
grouping detected spike events into a muscle-specific group
based on co-activations and sorting spike events within the
muscle-specific group to approximate a recruitment curve.
[0023] According to one embodiment, the method further
comprises applying at least one filter to a time-lagged
representation of the plurality of neuromuscular signals, and
wherein detecting the at least one spike event and determin-
ing the biological source of the detected at least one spike
event is performed based on the filtered time-lagged repre-
sentation of the plurality of neuromuscular signals. Accord-
ing to one embodiment, applying at least one filter to a
time-lagged representation of the plurality of neuromuscular
sensors comprises using a beamforming process to apply a
plurality of beamforming filters to the time-lagged repre-
sentation of the plurality of neuromuscular signals, wherein
the plurality of beamforming filters are filters generated
based on spatiotemporal patterns of one or more spike
events. According to one embodiment, the beamforming
process comprises using a minimum variance distortionless
response technique. According to one embodiment, the
beamforming process comprises using a linear constrained
minimum variance technique.

[0024] According to one embodiment, the method further
comprises determining the spatiotemporal patterns of the
one or more spike events corresponding to the plurality of
beamforming filters. According to one embodiment, deter-
mining the spatiotemporal patterns of the one or more spike
events corresponding to the plurality of beamforming filters
comprises detecting a plurality of spike events in recorded
neuromuscular signals, clustering the detected plurality of
spike events, and determining the spatiotemporal patterns
based on the clusters of spike events. According to one
embodiment, detecting a plurality of spike events comprises
detecting within the plurality of neuromuscular signals,
periods of low activity; and detecting within the period of
low activity, putative spike events. According to one
embodiment, detecting the plurality of spike events further
comprises analyzing the detected putative spike events to
discard spike events having one or more particular charac-
teristics. According to one embodiment, the one or more
particular characteristics include a duration longer than a
particular threshold duration.

[0025] According to one embodiment, method further
comprises detecting the at least one spike event and/or
determine the biological source of the detected at least one
spike event using one or more neural networks. According
to one embodiment, the one or more neural networks
includes a convolutional neural network. According to one
embodiment, the one or more neural networks includes a
recurrent neural network. According to one embodiment, the
method further comprises detecting the at least one spike
event and determining the biological source of the detected
at least one spike event using a multi-step iterative technique
to decompose a time-lagged representation of the plurality
of neuromuscular signals into signal components corre-
sponding to at least one biological source, and detecting the
at least one spike event from the at least one biological
source. According to one embodiment, the multi-step itera-
tive technique comprises matrix factorization.

[0026] According to one embodiment, generating at least
one output comprises generating compressed data including
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an indication of the at least one spike event. According to
one embodiment, the indication of the at least one spike
event is provided as a control signal to a computer-based
system. According to one embodiment, the indication of the
at least one spike event is provided as at least one of a group
comprising a discrete control signal, a continuous control
signal, and a composite control signal. According to one
embodiment, generating at least one output comprises gen-
erating an indication of the at least one spike event. Accord-
ing to one embodiment, the indication of the at least one
spike event includes an indication of a biological source of
the at least one spike event and a time of occurrence of the
at least one spike event.

[0027] According to one embodiment, the method further
comprises providing feedback to the user responsive to the
at least one output based, at least in part, on the detected at
least one spike event and/or the determined biological
source of the detected at least one spike event. According to
one embodiment, the method further comprises providing
feedback to the user as part of a user training process.
According to one embodiment, the feedback includes at
least one of a group comprising auditory, visual, haptic, and
multi-sensory feedback. According to one embodiment, the
wearable device further comprises an inertial sensor, and
wherein the method further comprises determining, using
the inertial sensor, movement artifacts or shifts in spatial
location of muscle fibers of the at least one motor umt
relative to one or more of the plurality of neuromuscular
sensors. According to one embodiment, the method further
comprising filtering or refining an output of an inferential
model responsive to an output of the inertial sensor.

[0028] According to one embodiment, the method further
comprises transmitting the compressed data including an
indication of the at least one spike event over one or more
wireless networks to an external device. According to one
embodiment, at least one of the one or more wearable
devices includes at least one storage device, and wherein the
method further comprises storing the compressed data on the
at least one storage device.

[0029] According to one embodiment, generating at least
one output comprises generating an updated computerized
musculoskeletal representation comprising a plurality of
rigid body segments connected by joints, wherein generating
the updated computerized musculoskeletal representation
comprises determining based, at least in part, on the detected
at least one spike event and/or the identified biological
source of the detected at least one spike event, musculo-
skeletal position information describing a spatial relation-
ship between two or more connected segments of the
plurality of rigid body segments of the computerized mus-
culoskeletal representation and/or force information describ-
ing a force between two or more segments of the plurality of
rigid body segments of the computerized musculoskeletal
representation, and updating the computerized musculoskel-
etal representation based, at least in part, on the musculo-
skeletal position information and/or the force information.
According to one embodiment, determining the musculo-
skeletal position information and/or the force information
comprises providing as input to a trained inferential model,
the detected at least one spike event and/or the identified
biological source of the detected at least one spike event, and
wherein the musculoskeletal position information and/or the
force information is determined based, at least in part, on an
output of the trained inferential model.
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[0030] According to one embodiment, generating at least
one output comprises generating in substantially real-time,
at least one control signal for controlling at least one device.
According to one embodiment, detecting at least one spike
event comprises detecting a spatiotemporal pattern of the at
least one spike event, and wherein generating at least one
control signal comprises generating the at least one control
signal based, at least in part, on at least one characteristic of
the detected spatiotemporal pattern of the at least one spike
event. According to one embodiment, at least one charac-
teristic comprises a rate of the at least one spike event and/or
a spatial distribution of the detected spatiotemporal pattern
of the at least one spike event. According to one embodi-
ment, the identified biological source comprises a motor
unit. According to one embodiment, the identified biological
source comprises a plurality of motor units. According to
one embodiment, the identified biological source comprises
a muscle. According to one embodiment, the identified
biological source comprises a plurality of muscles.

[0031] According to one embodiment, determining the
biological source of the at least one spike event comprises
determining that the at least one spike event is associated
with a motor unit or group of motor units, wherein the
method further comprises determining a muscle to which the
motor unit or group of motor units belongs, and wherein
generating at least one output comprises generating the at
least one output based on the determined muscle to which
the motor unit or group of motor units belongs. According
to one embodiment, the determined muscle is associated
with a motor unit recruitment sequence describing a
sequence of activation of motor units for the determined
muscle, and wherein the method further comprises deter-
mining where the motor unit or group of motor units fall
within the motor unit recruitment sequence of the deter-
mined muscle.

[0032] According to one embodiment, at least one of the
one or more wearable devices includes at least one auxiliary
sensor configured to record a plurality of auxiliary signals,
and wherein the method further comprises generating the at
least one output based, at least in part, on the plurality of
auxiliary signals. According to one embodiment, the at least
one auxiliary sensor comprises at least one inertial measure-
ment unit (IMU) sensor configured to record a plurality of
IMU signals, and wherein the method further comprises
generating the at least one output based, at least in part, on
the plurality of IMU signals and/or information derived from
the plurality of IMU signals. According to one embodiment,
the at least one auxiliary sensor comprises at least one
camera configured to record one or more images, and
wherein the method further comprises generating the at least
one output based, at least in part, on the one or more images
and/or information derived from the one or more images.
According to one embodiment, detecting the at least one
spike event is further based on the one or more images
and/or the information derived from the one or more images.

[0033] According to one embodiment, at least one com-
puter processor is included as a portion of a device separate
from and in communication with the plurality of neuromus-
cular sensors arranged on the one or more wearable devices,
and wherein the method further comprises streaming, from
the plurality of neuromuscular sensors in substantially real-
time, the plurality of neuromuscular signals and/or the
information derived from the plurality of neuromuscular
signals to the at least one computer processor. According to
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one embodiment, the device separate from and in commu-
nication with the plurality of neuromuscular sensors is a
device selected from the group consisting of a remote server,
a desktop computer, a laptop computer, a smartphone, and a
wearable electronic device. According to one embodiment,
the wearable electronic device is a smartwatch, a health
monitoring device, smart glasses, or an augmented reality
system. According to one embodiment, the method further
comprises integrating at least one computer processor with
the one or more wearable devices on which the plurality of
neuromuscular sensors are arranged.

[0034] According to one embodiment, at least one com-
puter processor comprises at least one first computer pro-
cessor included as a portion of a device separate from and in
communication with the plurality of neuromuscular sensors
arranged on the one or more wearable devices and at least
one second computer processor integrated with the one or
more wearable devices on which the plurality of neuromus-
cular sensors are arranged. According to one embodiment,
the method further comprises transmitting, by the plurality
of neuromuscular sensors, at least some of the plurality of
neuromuscular signals to the at least one first computer
processor, and wherein the at least one first computer
processor performs acts of training, based on the at least
some of the plurality of neuromuscular signals transmitted
from the plurality of neuromuscular sensors, at least one
spike detection model and/or at least one spike identification
model, and transmitting the trained at least one spike detec-
tion model and/or the at least one spike identification model
to the at least one second computer processor, and wherein
the at least one second computer processor performs an act
of detecting the at least one spike event and determine the
biological source of the detected at least one spike event
using the at least one spike detection model and/or the at
least one spike identification model transmitted from the at
least one first computer processor.

[0035] According to one embodiment, the method further
comprises training the at least one spike detection model
and/or at least one spike identification model to estimate at
least one of a group comprising whether the user is activat-
ing a particular motor unit, whether the user is activating a
particular motor unit with a particular timing, and whether
the user is activating a particular combination of motor units.
According to one embodiment, detecting at least one spike
event corresponding to firing of an action potential in at least
one motor unit comprises detecting at least one spike event
corresponding to firing of an action potential in a plurality of
motor units. According to one embodiment, the method
further comprises thresholding the filtered time-lagged rep-
resentation of the plurality of neuromuscular signals to
detect the at least one spike event.

[0036] Tt 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 DRAWINGS

[0037] Various non-limiting embodiments of the technol-
ogy will be described with reference to the following figures,
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several of which are provided in color as indicated. Tt should
be appreciated that the figures are not necessarily drawn to
scale.

[0038] FIG. 1 is a flowchart of a biological process for
performing a motor task in accordance with some embodi-
ments of the technology described herein;

[0039] FIG. 2 is a schematic diagram of a computer-based
system for detecting spike events in neuromuscular data in
accordance with some embodiments of the technology
described herein;

[0040] FIG. 3 is a flowchart of a substantially real-time
process for detecting spike event information from neuro-
muscular data in accordance with some embodiments of the
technology described herein;

[0041] FIG. 4 is a flowchart of a process for associating
spike events with muscles in accordance with some embodi-
ments of the technology described herein;

[0042] FIG. 5 is a flowchart of a process for generating
filters for use with a substantially real-time spike event
decoder in accordance with some embodiments of the tech-
nology described herein;

[0043] FIG. 6 illustrates a wristband having EMG sensors
arranged circumferentially thereon, in accordance with some
embodiments of the technology described herein;

[0044] FIG. 7 illustrates a user wearing the wristband of
FIG. 6 while typing on a keyboard, in accordance with some
embodiments of the technology described herein;

[0045] FIG. 8 illustrates a plot for detecting spike events
in two channels of recorded neuromuscular data during
periods of low activity, in accordance with some embodi-
ments of the technology described herein;

[0046] FIG. 9A is a color figure illustrating a plot of
clustering spike events to identify spike events with similar
spatiotemporal profiles, in accordance with some embodi-
ments of the technology described herein;

[0047] FIG. 9B is a color figure illustrating six spatiotem-
poral profiles generated for each of six clusters of spike
events, in accordance with some embodiments of the tech-
nology described herein;

[0048] FIG. 10 illustrates a set of EMG channel wave-
forms associated with a number of biological sources, that
may be produced in accordance with some embodiments of
the technology described herein;

[0049] FIG. 11 shows output of an MVDR-based spike
event decoder configured in accordance with some embodi-
ments of the technology described herein; and

[0050] FIG. 12 shows output of an MVDR-based spike
event decoder including MVDR filters for each of a plurality
of motor units, wherein the decoder is configured in accor-
dance with some embodiments of the technology described
herein;

[0051] FIG. 13 is a flowchart of a substantially real-time
process for detecting spike event information from neuro-
muscular data in accordance with some embodiments of the
technology described herein;

[0052] FIG. 14A 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 tech-
nology described herein;

[0053] FIG. 14B is a cross-sectional view through one of
the sixteen EMG sensors illustrated in FIG. 14; and
[0054] FIGS. 15A and 15B schematically illustrate com-
ponents of a computer-based system on which some
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embodiments are implemented. FIG. 15A illustrates a wear-
able portion of the computer-based system and FIG. 15B
illustrates a dongle portion connected to a computer,
wherein the dongle portion is configured to communicate
with the wearable portion.

DETAILED DESCRIPTION

[0055] FIG. 1 illustrates a flowchart of a biological pro-
cess 100 for initiating a motor task by the coordinated
movement of one or more muscles. In act 102, action
potentials are generated in one or more efferent spinal motor
neurons. The motor neurons carry the neuronal signal (also
referred to as “spikes” herein) away from the central nervous
system and toward skeletal muscles in the periphery. For
each motor neuron in which an action potential is generated,
the action potential travels along the axon of the motor
neuron from its body in the spinal cord where the action
potential is generated to the axon terminals of the motor
neuron that innervate muscle fibers included in skeletal
muscles. A motor neuron and the muscle fibers that it
innervates are referred to herein as a motor unit. Muscle
fibers in a motor unit are activated together in response to an
action potential generated in the corresponding motor neu-
ron of the motor unit. Individual muscles typically include
muscle fibers from hundreds of motor units with the simul-
taneous contraction of muscle fibers in many motor units
resulting in muscle contraction evidenced as perceptible
muscle movement and/or force.

[0056] A chemical synapse formed at the interface
between an axon terminal of a spinal motor neuron and a
muscle fiber is called a neuromuscular junction. As an action
potential transmitted along the axon of a motor neuron
reaches the neuromuscular junction, process 100 proceeds to
act 104, where an action potential is generated in the muscle
fiber as a result of chemical activity at the neuromuscular
junction, In particular, acetylcholine released by the motor
neuron diffuses across the neuromuscular junction and binds
with receptors on the surface of the muscle fiber triggering
a depolarization of the muscle fiber. Although neuromuscu-
lar signals sensed on the body surface generated by the
depolarization of individual muscle fibers are small (e.g.,
less than 100 pV), the collective action of multiple muscle
fibers conducting simultaneously results in a detectable
voltage potential that may be recorded by neuromuscular
(e.g., EMG) sensors located on the surface of the body. As
noted above, the collective conduction of muscle fibers from
many motor units results in muscle contraction and percep-
tible motion. Accordingly, when a user performs a move-
ment or gesture, the corresponding recorded neuromuscular
signals include contributions from multiple activated motor
units.

[0057] Following generation of an action potential in the
muscle fiber, process 100 proceeds to act 106, where the
propagation of the action potential in the muscle fiber results
in a series of chemical-mediated processes within the muscle
fiber. For example, depolarization of a muscle fiber results in
an influx of calcium ions into the muscle fiber. Calcium ions
inside the muscle fiber bind with troponin complexes caus-
ing the troponin complexes to separate from myosin binding
sites on actin filaments in the muscle fiber, thereby exposing
the myosin binding sites.

[0058] Following these chemical-mediated processes, pro-
cess 100 proceeds to act 108, where the muscle fiber
contracts. Muscle fiber contraction is achieved due to the
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binding of exposed myosin heads with actin filaments in the
muscle fiber creating cross-bridge structures. Process 100
then proceeds to act 110, where the collective contraction of
muscle fibers in one or more muscles results in the perfor-
mance of a motor task.

[0059] As the tension of a muscle increases, the firing rates
of active motor neurons increases and additional motor
neurons may become active, which is a process referred to
as motor unit recruitment. The pattern by which motor
neurons innervating a muscle become active and increase
their firing rate is, in some cases, stereotyped. Some embodi-
ments are directed to analyzing neuromuscular signals to
detect and identify/classify spike events corresponding to
firing of action potentials in one or more motor units.
[0060] When a user performs a motor task, such as moving
their arm, a group of muscles necessary to perform the motor
task is activated. When the motor task is performed while the
user is wearing a wearable device that includes neuromus-
cular sensors (e.g., EMG sensors), the neuromuscular sig-
nals recorded by the sensors on the surface of the body
correspond to superimposed activity of all motor units in the
muscles in the group activated during performance of the
motor task. The neuromuscular signals may be analyzed and
mapped to control signals to control a device based on the
type of movement or gesture that the user performs. In some
embodiments, the analysis of neuromuscular signals
involves the detection and identification of spike events in
activated motor units.

[0061] A generative model of an EMG signal x(t) may
take the form:

v W
)= ) (s )0 + (D)

[0062] where t is the time, s, is the spatiotemporal wave-
form of the i-th MUAP observed by an EMG recording
device, t, is the spike train of the corresponding motor
neuron and n(t) is the EMG measurement noise, where the
spike train is represented as a time series of Dirac functions
occurring each time the motor neuron fires.

[0063] As discussed above, a MUAP is an electrical
potential generated by activation of muscle fibers in a
corresponding motor unit. The spatiotemporal waveform of
the MUAP as detected by a pair of EMG sensors (or a
number of EMG sensors greater than two) depends primarily
on the position of the motor unit relative to the array of EMG
sensors. Tissue between the site of the muscle fiber(s)
composing the motor unit and an EMG sensor filters the
spatiotemporal waveform, so that the same EMG sensor (or
EMG sensors) may measure a distinct spatiotemporal pat-
tern due to different locations of the muscle fibers in the
underlying tissue and, accordingly, unique filtering caused
by tissue between the muscle fibers and an EMG sensor (or
EMG sensors). Some embodiments assume that the spa-
tiotemporal waveform of the MUAP remains constant as
long as the electrode positions and the conductive medium
(e.g., the user’s body) do not change. In practice, small
variations in the spatiotemporal waveform for a MUAP may
be introduced due to muscle contractions. For surface EMG
sensors, the duration of a MUAP is on the order of 10-20 ms
and may have an amplitude on the order of hundreds of
microvolts. The duration of the MUAP is influenced largely
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based on the spacing between differential EMG electrodes
and the velocity of the action potential wave traveling along
the muscle fibers. The amplitude of the MUAP is influenced
largely based on the distance from the motor unit to the
EMG electrode pair and the number of muscle fibers in the
motor unit.

[0064] The inventors have recognized that since the spa-
tiotemporal waveform of a MUAP remains substantially
constant, and as such encodes little or no information related
to user intent, some embodiments are directed to extracting
spike event information (e.g., spike train data) from neuro-
muscular signals as a measure of user intent. The extracted
spike event information may be used to generate one or more
outputs (e.g., one or more control signals, where the control
signals may be used to change the state of a computerized
system that is configured to receive the control signal). A
mapping between spike event information and control sig-
nals may be implemented, for example, using an inferential
model trained to associate particular spike event information
with control signal outputs. In some embodiments, the
output of the trained inferential model may be musculoskel-
etal position information that describes, for example, the
positions and/or forces of rigid body segments in a com-
puter-implemented musculoskeletal model. As neuromuscu-
lar signals are continuously recorded and spike events
detected, the musculoskeletal model may be updated with
predictions of the musculoskeletal position information out-
put from the inferential model. Control signals may then be
generated based on the updated musculoskeletal position
information. In other embodiments, the output of the trained
inferential model may be the control signals themselves,
such that a musculoskeletal model is not used. In other
embodiments, spike event information from a plurality of
motor units may be combined, for example to enable two-
dimensional control.

[0065] As described in more detail below, some embodi-
ments detect spike events in recorded neuromuscular signals
and identify a biological source (e.g., a motor unit or group
of motor units) of the detected spike events. The output (e.g,,
a control signal) is then generated based on the detected
spike event(s) and/or the identified biological source.
[0066] Throughout this disclosure EMG sensors are used
as examples of the type of neuromuscular sensors configured
to detect neuromuscular activity. However it should be
appreciated that other types of neuromuscular sensors
including, but not limited to, mechanomyography (MMG)
sensors and sonomyography (SMG) sensors may addition-
ally or alternatively be used in combination with EMG
sensors to detect neuromuscular activity in accordance with
some embodiments. The neuromuscular signals recorded by
the neuromuscular sensors may be used to identify activa-
tion of sub-muscular structures in accordance with the
techniques described herein.

[0067] FIG. 2 illustrates a system 200 in accordance with
some embodiments. The system includes a plurality of
sensors 210 configured to record signals resulting from the
activation of motor units with portions of a human body.
Sensors 210 may include a plurality of neuromuscular
sensors configured to record signals arising from neuromus-
cular activity in skeletal muscle of a human body, as
described above. The term “neuromuscular activity” as used
herein refers to neural activation of spinal motor neurons
that innervate a muscle, muscle activation, muscle contrac-
tion, or any combination of the neural activation, muscle
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activation, and muscle contraction. In some embodiments,
spike event information describing when an action potential
has occurred and/or a biological source of a detected spike
event may be determined from the sensed neuromuscular
signals.

[0068] Sensors 210 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 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 some embodiments, signals from an IMU may be used to
filter, post-process, or otherwise refine the spike event(s)
inferred by an inferential model.

[0069] In embodiments that include at least one IMU and
a plurality of neuromuscular sensors, the IMU(s) and neu-
romuscular 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 motor
unit activity within one or more body segments distal to the
torso (e.g., a forearm or wrist). It should be appreciated,
however, that the 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 motor unit activity and/or movements
of the 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 sub-
muscular information associated with activation of sub-
muscular structures in muscles of the wrist or hand. In some
embodiments, an IMU sensor may provide control signals
that a user may volitionally control independently from one
or more MUAPs.

[0070] Each of the sensors 210 includes one or more
sensing components configured to sense information about a
user. In the case of IMUs, the sensing components may
include one or more accelerometers, gyroscopes, magne-
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-
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figured to measure ultrasound signals (e.g., for SMG sen-
sors) arising from muscle activity. Exemplary sensors 210
that may be used in accordance with some embodiments are
described in more detail in U.S. patent application Ser. No.
15/659,018 entitled “METHODS AND APPARATUS FOR
PREDICTING  MUSCULO-SKELETAL  POSITION
INFORMATION USING WEARABLE AUTONOMOUS
SENSORS,” incorporated by reference herein by its entirety.
[0071] Insome embodiments, at least some of the plurality
of 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 circum-
ferentially 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
sensors may be arranged on a wearable patch configured to
be affixed to a portion of the user’s body, at least some of the
sensors may be implanted EMG sensors, or at least some of
the sensors may be included as a portion of an electronic
tattoo worn by the user. In some embodiments, multiple
wearable devices, each having one or more neuromuscular
sensors (and, optionally, one or more IMUs) included
thereon may be used to generate control information based
on MUAPs, sub-muscular structures, and/or movement that
involve multiple parts of the body.

[0072] In one implementation, sixteen EMG sensors are
arranged circumferentially around an elastic band config-
ured to be worn around a user’s lower arm. For example,
FIG. 6 shows EMG sensors 504 arranged circumferentially
around elastic band 502. It should be appreciated that any
suitable number of neuromuscular sensors may be used and
the number and arrangement of neuromuscular sensors used
may depend on the particular application for which the
wearable device is used. It should also be appreciated that
the neuromuscular sensors may be placed on (or implanted
in) any part of the body. For example, a wearable armband
or wristband may be used to generate control information for
controlling a robot, controlling a vehicle, scrolling through
text, controlling a virtual avatar, activating a discrete control
(e.g. a button), navigating in a two-dimensional (or higher
dimensional) space, or any other suitable control task. For
example, as shown in FIG. 7, a user 506 may be wearing
elastic band 502 on hand 508. In this way, EMG sensors 504
may be configured to record EMG signals as a user controls
keyboard 530 using fingers 540. In some embodiments,
elastic band 502 may also include, as an option, one or more
IMUs (not shown), configured to record movement infor-
mation, as discussed above. In other embodiments, the
wearable device may be provided without an TMU.

[0073] In some embodiments, multiple wearable devices,
each having one or more IMUs and/or neuromuscular sen-
sors included thereon may be used to generate control
information based on MUAPs, activation associated with
sub-muscular structures, and/or movement that involve mul-
tiple parts of the body.

[0074] In some embodiments, sensors 210 only include a
plurality of neuromuscular sensors (e.g., EMG sensors). In
other embodiments, sensors 210 include a plurality of neu-
romuscular 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, IMU sensors, an imaging device (e.g., a camera),
a radiation-based sensor for use with a radiation-generation
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device (e.g., a laser-scanning device), or other types of
sensors such as a heart-rate monitor.

[0075] In some embodiments, the output of one or more of
the sensing components may be optionally processed using
hardware signal processing circuitry (e.g., to perform ampli-
fication, filtering, and/or rectification). In other embodi-
ments, at least some signal processing of the output of the
sensing components may be performed in software. Accord-
ingly, signal processing of signals recorded by the 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.
[0076] In some embodiments, the recorded sensor data
may be optionally processed to compute additional derived
measurements that are then provided as input to a spike
event detection process. For example, recorded signals from
an IMU sensor may be processed to derive an orientation
signal that specifies the orientation of a body segment over
time. In another example, recorded signals from an IMU
sensor may be processed to determine movement (e.g. high
velocity movement) that may cause sensor movement arti-
facts or shifts in the spatial location of muscle fibers of a
motor unit relative to one or more EMG sensors, each of
which may cause spurious spike events to be detected.
Accordingly, IMU sensor data may be used to filter or
otherwise refine the output of an inferential model config-
ured for detecting one or more MUAPs. 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 com-
ponents in communication with, but not directly integrated
with the sensing components of the sensors 210.

[0077] System 200 also includes one or more computer
processors 212 programmed to communicate with sensors
210. For example, signals recorded by one or more of the
sensors may be provided to the processor(s) 212, which may
be programmed to execute one or more machine learning
algorithms that process signals output by the sensors 210 to
train one or more inferential models (e.g., statistical models
214), and the trained (or retrained) statistical model(s) 214
may be stored for later use in generating control signals, as
described in more detail below.

[0078] In some embodiments, statistical model 214 may
be a neural network and, for example, may be a recurrent
neural network. In some embodiments, the recurrent neural
network 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 gated
recurrent neural network, a recursive neural network, 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.

[0079] In some embodiments, the output of an inferential
model (e.g., a statistical model) provides discrete outputs.
Discrete outputs (e.g., classification labels) may be used, for
example, when a desired output is to know whether a
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particular pattern of activation (including individual neural
spiking events) is detected in the neuromuscular signals. For
example, the model may be trained to estimate whether the
user is activating a particular motor unit, activating a par-
ticular motor unit with a particular timing, activating a
particular motor unit with a particular firing pattern, or
activating a particular combination of motor units. On a
shorter timescale, discrete classification is used in some
embodiments to estimate whether a particular motor unit
fired an action potential within a given amount of time. In
such a scenario, these estimates may then be accumulated to
obtain an estimated firing rate for that motor unit.

[0080] In embodiments in which the statistical model is
implemented as a neural network configured to output a
discrete signal, the neural network may include a softmax
layer such that the outputs add up to one and may be
interpreted as probabilities. The output of the softmax layer
may be a set of values corresponding to a respective set of
control signals, with each value indicating a probability that
the user wants to perform a particular control action. As one
non-limiting example, the output of the softmax layer may
be a set of three probabilities (e.g., 0.92, 0.05, and 0.03)
indicating the respective probabilities that the detected pat-
tern of activity is one of three known patterns.

[0081] It should be appreciated that when the statistical
model is a neural network configured to output a discrete
signal, the neural network is not required to produce outputs
that add up to one. For example, instead of a softmax layer,
the output layer of the neural network may be a sigmoid
layer (which has no restriction that the probabilities add up
to one). In such embodiments, the neural network may be
trained with a sigmoid cross-entropy cost. Such an imple-
mentation may be advantageous in the case when multiple
different control actions may occur within a threshold
amount of time and it is not important to distinguish the
order in which these actions occur (e.g., a user may activate
two patterns of neural activity within the threshold amount
of time). In some embodiments, any other suitable non-
probabilistic multi-class classifier may be used, as aspects of
the technology described herein are not limited in this
respect.

[0082] In some embodiments, the output of the statistical
mode]l may be a continuous signal rather than a discrete
signal. For example, the model may output an estimate of the
firing rate of each motor unit or the model may output a
time-series electrical signal corresponding to each motor
unit or sub-muscular structure.

[0083] It should be appreciated that aspects of the tech-
nology 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 (HMM), a switching HMM with the switch-
ing allowing for toggling among different dynamic systems,
dynamic Bayesian networks, and/or any other suitable
graphical model having a temporal component. Any such
statistical model may be trained using recorded sensor
signals.

[0084] As another example, in some embodiments, the
statistical model is a classifier taking as input, features
derived from the recorded sensor signals. In such embodi-
ments, the classifier may be trained using features extracted
from the sensor data. The classifier may be a support vector
machine, a Gaussian mixture model, a regression based
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classifier, a decision tree classifier, a Bayesian classifier,
and/or any other suitable classifier, as aspects of the tech-
nology described herein are not limited in this respect. Input
features to be provided to the classifier may be derived from
the sensor data in any suitable way. For example, the sensor
data may be analyzed as time series data using wavelet
analysis techniques (e.g., continuous wavelet transform,
discrete-time wavelet transform, etc.), Fourier-analytic tech-
niques (e.g., short-time Fourier transform, Fourier trans-
form, 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 transform and the
resulting wavelet coefficients may be provided as inputs to
the classifier.

[0085] Insome embodiments, values for parameters of the
statistical model may be estimated from training data. 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 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 embodi-
ments where the statistical model is a recurrent neural
network (e.g., an LSTM), the statistical model may be
trained using stochastic gradient descent and backpropaga-
tion 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.

[0086] System 200 also optionally includes one or more
controllers 216. For example, controller 216 may be a
display controller configured to display a visual representa-
tion (e.g., of a hand) on a display. As discussed in more detail
below, one or more computer processors may implement one
or more trained statistical models that receive as input sensor
signals and provide as output information that is used to
generate control signals.

[0087] Insome embodiments, a computer application con-
figured to simulate a virtual reality environment may be
instructed to display a visual character such as an avatar
(e.g., via controller 216). Positioning, movement, and/or
forces applied by portions of visual character within the
virtual reality environment may be displayed based on the
output of the trained statistical model(s). The visual repre-
sentation may be dynamically updated as continuous signals
are recorded by the sensors 210 and processed by the trained
statistical model(s) 104 to provide a computer-generated
representation of the character’s movement that is updated
in real-time.

[0088] Some embodiments are directed to using a statis-
tical model, at least in part, to map spike event information
extracted from the neuromuscular signals to control signals.
The statistical model may receive as input IMU signals,
neuromuscular signals (e.g., EMG, MMG, and/or SMG
signals), spike event information (e.g., spike train data)
extracted from neuromuscular signals, external device sig-
nals (e.g., camera or laser-scanning signals), or a combina-
tion of IMU signals, neuromuscular signals, and external
device signals detected as a user performs one or more
muscular activations. In some embodiments, the statistical
model may be used to predict the control information
without the user having to make perceptible movements.
[0089] System 200 also optionally includes a user inter-
face 218. Feedback determined based on the signals
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recorded by sensors 210 and processed by processor(s) 212
may be provided via user interface 218 to facilitate a user’s
understanding of how the system is interpreting the user’s
intended activation. User interface 218 may be implemented
in any suitable way including, but not limited to, an audio
interface, a video interface, a tactile interface, and electrical
stimulation interface, or any combination of the foregoing.
In general, control signals based on a user activating one or
more MUAPs may require user training so that the user may
effectively and reliably activate the intended one or more
MUAPs to create intended control signals. In general, a user
cannot detect the activation of a single MUAP, because the
amount of force exerted by the muscle is below the detection
limit of the proprioceptive system. In some embodiments of
the invention, systems and methods provide sensory feed-
back to a user when they have activated a specified (i.e.
desired) MUAP (and a model has detected the presence of
the specified MUAP), so that the user may become more
skillful at reliably activating that MUAP. For example,
feedback may comprise auditory, visual, haptic, or multi-
sensory feedback with sufficiently low latency for the user to
learn the mapping between the sensory feedback and the
preceding MUAP activation.

[0090] The architecture of system 200 may take any
suitable form. Some embodiments employ a thin architec-
ture in which processor 212 is included as a portion of a
device separate from and in communication with the plu-
rality of neuromuscular sensors 210 arranged on the one or
more wearable devices. The neuromuscular sensors may be
configured to wirelessly stream in substantially real-time,
the plurality of neuromuscular signals and/or the informa-
tion derived from the plurality of neuromuscular signals to
processor 212 for processing including, but not limited to,
spike event detection and biological source identification.
The device separate from and in communication with the
plurality of neuromuscular sensors may be, for example, a
remote server, a desktop computer, a laptop computer, a
smartphone, or a wearable electronic device such as a
smartwatch, a health monitoring device, smart glasses, other
wearable system (including head mounted wearable sys-
tems), or an augmented reality system.

[0091] Some embodiments employ a thick architecture in
which processor 212 is integrated with the one or more
wearable devices on which the neuromuscular sensors 210
are arranged. In yet further embodiments, the processing for
spike event detection and/or biological source identification
is divided between multiple processors, at least one of which
is integrated with sensors 210 and at least one of which is
included as a portion of a device separate from and in
communication with the sensors 210. In such an implemen-
tation, the neuromuscular sensors may be configured to
transmit at least some of the recorded neuromuscular signals
to a first computer processor remotely located from the
sensors. The first computer processor may be programmed
to train, based on the transmitted neuromuscular signals, at
least one spike detection model and/or at least one spike
identification model. The first computer processor may then
be programmed to transmit the trained at least one spike
detection model and/or the at least one spike identification
model to a second computer processor integrated with the
one or more wearable devices on which the sensors are
arranged. The second computer processor may be pro-
grammed to detect spike events and determine the biological
source of the detected spike events using the at least one
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spike detection model and/or the at least one spike identi-
fication model transmitted from the first computer processor.
In this way, the training/fitting process and the real-time
process of using the trained model(s) may be separated by
being performed by different processors.

[0092] FIG. 3 illustrates a process 300 for generating an
output based on one or more spike events detected in
recorded neuromuscular signals in accordance with some
embodiments. In act 310, a plurality of neuromuscular
signals are recorded by a plurality of neuromuscular sensors
worn by a user as the user activates one or more motor units.
Process 300 then proceeds to act 320 where the recorded
neuromuscular signals are optionally processed prior to
detection of spike events. For example, one or more time-
lagged versions of the recorded signals may be generated
and the time-lagged versions may subsequently be used for
detection of spike events. The inventors have recognized
that effective time lag values are on the order of the
timescale of a motor unit action potential with the particular
neuromuscular recording technique employed. For example,
the motor unit action potentials measured using surface
EMG recordings generally exhibit a time lag in a range of
between 10 and 50 ms. In some embodiments, a time lag of
15 10 25 ms may also be effective.

[0093] Process 300 then proceeds to act 330, where at least
one spike event is detected in the recorded neuromuscular
signals. For example, in some embodiments, the recorded
neuromuscular signals or information derived from the
recorded neuromuscular signals (e.g., time-lagged versions
of the recorded neuromuscular signals) are processed using
one or more filters to detect spike events in the recorded
neuromuscular signals. In some embodiments, the one or
more filters includes a plurality of filters, each of which is
configured to detect spikes generated from a particular
biological source (e.g., from a particular motor unit).
Example techniques for generating filters for use with some
embodiments are described in more detail below.

[0094] Process 300 then proceeds to act 340, where the
biological source of the detected spike event(s) is deter-
mined. In embodiments that use a plurality of filters, each of
which is configured to detect spike events generated by a
particular biological source, the biological source determi-
nation in act 340 may be based on the output of the plurality
of filters and their associated biological sources for which
they are configured to detect spike events. In other embodi-
ments, the detection of one or more spike events in act 330
and the determination of a biological source of the spike
event(s) in act 340 may be performed sequentially. Any
suitable biological source for spike events may be deter-
mined in act 340. For example, the biological source may be
a single motor unit, a group of motor units, a muscle, or a
group of muscles. In some embodiments, the ability of the
system to determine a particular biological source for spike
events may be based, at least in part, on a spatiotemporal
resolution of the system in distinguishing between different
spike events. For example, in some instances the system
may not be able to determine which of a plurality of motor
units a spike originated from, but the system may be able to
determine a group of motor units from which the spike
originated. In other instances, the system may not be able to
determine within a muscle which of the motor units a spike
originated from, but the system may be able to determine
which muscle the spike originated from, and so on.
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[0095] Process 300 then proceeds to act 350, where one or
more outputs are generated based on the detected spike
event(s) and/or the biological source of the spike event(s).
Any suitable output may be generated for a particular
application, and embodiments are not limited in this respect.
In some embodiments, the output may be compressed data
representing the recorded neuromuscular signals. For
example, rather than storing “raw” neuromuscular signals,
the system may be configured to store only information
about the detected spike events such as their timing char-
acteristics and/or their biological source information. Stor-
ing such compressed data may be beneficial, for example,
for transmission of the data (e.g., over one or more wireless
networks) to an external device and/or for logging data for
health/fitness/ergonomics monitoring applications without
having to store the raw recorded data.

[0096] In some embodiments, the output generated in act
350 is information used to update a musculoskeletal model.
As described briefly above, some embodiments employ a
musculoskeletal model that is updated with musculoskeletal
position information describing, for example, positions and/
or forces of rigid body segments in the model. Spike event
information determined in acts 330 and/or 340 may be
provided as input to the musculoskeletal model as part of the
updating process. Control signals may then be generated
based on the updated musculoskeletal model.

[0097] In some embodiments, the output generated in act
350 is a control signal used to control an external device.
Rather than mapping recorded neuromuscular signals
directly to control signals using, for example, a trained
statistical model, some embodiments map spike event infor-
mation (e.g., detected spike events and/or biological source
information for the spike events) to control signals. In such
an implementation, one or more control signals may be
generated based on the identified biological source(s) and a
pattern of activation represented in the detected spike event
information. For example, the spike event information may
be provided as input to a trained statistical model and an
output of the trained statistical model may be used to
generate the one or more control signals. In one implemen-
tation, the output of the trained statistical model may be a set
of one or more control signals. In another implementation,
the control signal(s) may be generated based on the spike
event information without the use of a trained statistical
model. The generated control signal(s) may then be provided
to a control interface of a device to control an operation of
the device. For example, the device may be a display and a
control signal may be provided to a display controller of the
display. The control signal may include instructions to
update information displayed on the display. Alternatively
the device may be a computer or other computing device
(e.g., a smartphone) and the control signal may be provided
to a controller of the computing device to change an opera-
tion of the device. In yet a further example, the control signal
may be used to control a device (e.g., a musical instrument)
to provide an artistic expression. It should be appreciated
that any device having a control interface may be controlled
using control systems designed in accordance with the
techniques described herein.

[0098] In some embodiments, the one or more control
signals are generated based, at least in part, on the spike
event information in substantially real-time. As used herein
the term “substantially real-time” means that the spike event
information determination process occurs and/or the control



US 2020/0046265 A1l

signals are generated shortly after the electrical event occurs
while the neuromuscular data is being recorded, rather than
happening off-line at a time when the neuromuscular signals
are not being recorded. In some embodiments, spike event
information is detected within 5 seconds, within 1 second,
within 500 ms, within 100 ms, or within 50 ms of the
occurrence of the electrical event.

[0099] The spike event information used to generate out-
put in act 350 may include information about the spatiotem-
poral pattern of detected spike events (e.g., spike rate, spatial
distribution of spike events, biological source of spike
events). In some embodiments, one or more control signals
may be generated based, at least in part, on at least one
characteristic of the spatiotemporal pattern of the detected
spike events. For example, the one or more control signals
may be generated based, at least in part, on a spike rate
and/or a spatial distribution of spike events detected from
the neuromuscular signals.

[0100] In general, control signals based on MUAPs from
one or more motor units may be used as one or more discrete
controls (i.e. a button or set of buttons that, when activated
cause a computing device to change an operation), one or
more continuous controls (i.e. a one-dimensional controller
such as to control the volume of a speaker or the temperature
of a thermostat, a two-dimensional controller such as to
navigate a cursor on a two-dimensional screen, or a higher-
dimensional controller such as to control a robotic arm with
three or more degrees of freedom). In some embodiments,
control signals based on MUAPs may comprise composite
controls based on a particular sequence of activation of one
or more MUAPs in order to achieve a greater number of
discrete controls (i.e. degrees of freedom (DOF)) than the
number of MUAPs identified. In an alternative or comple-
mentary embodiment for achieving a greater number of
discrete controls (i.e. DOFs), a user may simultaneously (or
near-simultaneously, within a defined period of time) acti-
vate two or more MUAPs that achieve unique discrete
controls than the unitary activation of a MUAP. One skilled
in the art will recognize that continuous controls as
described above are generally not truly continuous and
represent quantized control across a range of values.

[0101] In some embodiments, the motor unit(s) from
which a detected spike event(s) originated from may be
mapped to one or more muscles. FIG. 4 illustrates a process
400 for performing muscle classification in accordance with
some embodiments. In act 410, spike event information is
determined, for example, in accordance with at least a
portion of process 300 described above. Process 400 then
proceeds to act 410, where one or more muscles to which the
identified motor unit belongs is determined. The muscle(s)
may be determined in any suitable way. For example,
similarities between spatial profiles and correlations in spik-
ing activity arising from multiple motor units may indicate
that the multiple motor units belong to the same muscle.
Alternatively, the muscular (or sub-muscular) source may be
inferred based on the spatial pattern of signals recorded on
a plurality of neuromuscular sensors on the skin of a user (or,
optionally, implanted in a user). Process 400 then proceeds
to act 414, where output is generated based, at least in part,
on the determined muscle associated with the spike event
information. In some embodiments, the identification of a
particular muscle relating to detected spike events may be
used to further describe information about the spike events
relative to the identified muscle. For example, as described
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above, each muscle in the human body may be characterized
by a particular pattern of motor unit recruitment that
describes an order by which additional motor units are
recruited when needed. In some embodiments, the informa-
tion about a motor unit recruitment pattern of a muscle may
be used, at least in part, to determine where the motor unit
or group of motor units falls within the motor unit recruit-
ment pattern for the determined muscle.

[0102] Some embodiments are directed to a process for
generating one or more filters used to decode spike events
from recorded neuromuscular signals. FIG. 5 illustrates a
process 500 for generating a plurality of filters, each of
which represents spike activity within a biological source
(e.g., a motor unit). The plurality of filters, once generated,
may be used to process neuromuscular signals and provide
outputs in substantially real-time as the neuromuscular sig-
nals are recorded. Additionally, in some embodiments, as
additional neuromuscular data is recorded, filter parameters
may be updated such that the filters are dynamically
updated. In act 510, a plurality of spike events are detected
in recorded neuromuscular signals. For example, neuromus-
cular signals may be recorded during periods of relatively
low activity, and then spike events may be detected using
thresholding of the recorded data. FIG. 8 shows an example
of the detection of putative spike events in two EMG sensor
channels during periods of low activity. The putative spike
events detected in the EMG recordings may be analyzed to
eliminate false positives. For example, putative spike events
having one or more particular characteristics (e.g., a duration
longer than a threshold duration) may be discarded.

[0103] After the plurality of spike events have been
detected, process 500 proceeds to act 512, where the
detected spike events are clustered, based on their spatiotem-
poral characteristics, to identify spike events likely arising
from the same biological source. Clustering of spike events
may occur in any suitable way. In one simplistic example of
clustering, a window (e.g., a 10 ms window) around each of
the peaks of the spike events may be used to define the
temporal bounds of the event. Each spike event may then be
defined as a vector of values, where each vector includes
NxM samples, where N corresponds to the number of
samples in the window for the event, and M corresponds to
the number of neuromuscular sensors. For example, if the
sampling rate of the neuromuscular data is 4 kHz, and the
window for each spike event is 10 ms, N=40. Assuming an
array of 15 neuromuscular sensors, the number of values in
each spike event vector would be 40%*15=600 values. After
defining vectors for all of the detected spike events, a
similarity metric may be used to identify vectors having
values that cluster together, and thus are likely to represent
spike events generated from a common biological source.
For example, Principal Component Analysis (PCA) or some
other suitable technique may be used to reduce the dimen-
sionality of each of the spike event vectors, and k-means
clustering or another suitable clustering technique may be
used to cluster the lower-dimensional vectors into clusters of
spike waveforms that have similar spatiotemporal charac-
teristics. Other non-limiting examples of dimensionality
reduction techniques include t-Distributed Stochastic Neigh-
bor Embedding, deep auto-encoders, and Uniform Manifold
Approximation and Projection (UMAP). Other non-limiting
examples of clustering methods include agglomerative clus-
tering, Density-Based Spatial Clustering of Applications
with Noise (DBSCAN), Hierarchical Density-Based Spatial
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Clustering of Applications with Noise (HDBSCAN). In
another example, the vectors for each of the spike events are
used to create an affinity matrix of the different spike events
and a measure of similarity of the vectors, for example,
using correlations, may be used to identify the clusters of
spike waveforms having similar spatiotemporal characteris-
tics. FIG. 9A illustrates the results of a clustering process in
which clusters of spike waveforms having similar spatiotem-
poral characteristics have been identified.

[0104] Each of the clusters of spike event data includes a
plurality of spike events that represent a distribution of spike
events generated by a particular biological source (e.g., a
motor unit). The process then proceeds to act 514, where a
plurality of filters are generated based on the spike events
within each of the clusters, resulting in a set of filters, each
of which is configured to detect spike events for its associ-
ated biological source (i.e., MUAP spike event). Act 512
serves to produce labeled spike event data from the unla-
beled data detected in act 510. The labeled spike event data
from act 512 may then be used, at least in part, to generate
filters in act 514. In some embodiments, the spatiotemporal
response function for each cluster may be determined by, for
example, calculating the mean of each of the spike event
vectors in the cluster. FIG. 9B illustrates example spatiotem-
poral profiles calculated for six clusters using this technique.
The spatiotemporal profiles may then be used to generate the
filters in act 514. For example, some embodiments use a
beamforming formulation to determine filters for automatic
spike decoding. An example of a beamforming formulation
that may be used to generate filters in accordance with some
embodiments is the minimum variance distortionless
response (MVDR) filter, described in more detail below. In
some embodiments, multiple filters may be used to disam-
biguate multiple motor units that are present in one cluster,
such as motor units that are located near each other ana-
tomically. For instance, multiple MVDR filters may be
combined to disambiguate multiple motor units that are
present in one MVDR cluster.

[0105] Instead of using filters to perform automatic spike
event detection from neuromuscular data, some embodi-
ments employ neural networks to detect spike event data,
and the labeled data output from act 512 in process 500 may
be used to train the neural network. Any suitable neural
network architecture may be used including, but not limited
to, convolutional neural networks and recurrent neural net-
works. When recurrent neural networks are used, a convo-
lutional layer may be used as the first layer of the network.

[0106] Beamforming methods use filters to determine
source signals from multidimensional sensor signals. Beam-
forming methods commonly use purely spatial filters. How-
ever, the inventors have recognized that spatial filtering
alone is not suitable for detecting spike events in neuromus-
cular signals due to the large number of similarly localized
sources relative to the small number of sensor channels.
Accordingly, some embodiments use a time-lagged repre-
sentation of the recorded neuromuscular signals to increase
their effective dimensionality and exploit the consistent
spatiotemporal response function for each source. Any suit-
able beamforming technique may be used, examples of
which include, but are not limited to MVDR, described in
more detail below, and linear constrained minimum variance
(LCMYV), according to which the filters weights are
W=(LTC~'L)™ L*C!, where L is the matrix of spatiotem-
poral response profiles (i.e. the collection of all h vectors in
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the MVDR notation below) and C is the sensor signal
covariance matrix (equivalent to ¢, in the MVDR notation
below). The outputs of the filtered signals may then be
thresholded to determine whether a spike event occurs. Each
filter corresponds to a biological source (e.g., an individual
motor unit), so spike detection and identification of the
spike’s biological source occur as a single process.

[0107] Some embodiments are directed to using a plurality
of MVDR filters to perform real-time spike detection in
neuromuscular signals. Similar to matched filtering, the use
of MVDR filters maintains a target signal as much as
possible, but also minimizes the noise of any other signals
that are present in the recorded neuromuscular signals.
Assuming S sources, each of which has a stereotyped signal
profile or template across channels and time, let x(t) be a
binary variable indicating whether source s is triggered at
time t. x,(t) will have a value of 1 for only a single time step
at a time, not for the duration of the emission. Let h_(t) be
the profile of the stereotyped profile of source s as measured
in channel ¢ at time T. Then the measured signal will be y,.
(O=h, (O0*%, O+ (-2 2, (-T)x,()+n.(1), Where * is
the convolution operator and n(t) is additional noise on
channel ¢ at time t. In order to make the derivation more
mathematically straightforward, y, x, and h may be
unwrapped into time-lagged vectors for each time-step. The
template, instead of being a 2D matrix of size CxT for C
channels and T timesteps, is unwrapped into a CTx1 vector,
which is equivalent to concatenating successive time frames
of the template on top of each other. The stacked template is
then h~{h,(011,(0), h,(0), - . - , hey(0), Do(D) - . .
h,e(T-1)]7. The stacked observation is y()=[y,(t),y,(1).y»
M), s Ve, O3+, . .. Yo, (t+T-1)]7 and the stacked
noise is n(t)=[ny(t),n;([t),05(1), . . ., no (O)ny(t+1), . . .
n..,(t+#T-1)]". Then the model can be rewritten as y
O==hx, (O+n (t). Assuming a single source of interest,
then y(t)=hx(t)+n(t). To find a filter, w that can be applied to
y(t) recover x(t), the estimate of which may be provided as
(=W ()=w" (Ix(t)+n(t)). The MVDR filter is the filter *
that satisfies the following optimization W=min,, E[%?], such
that w™h=1. Manipulating the term E[%’] yields E[%*]=E
(W y ) I=BIw y Oy OW)I=w E[y(t)y (O Tw=w"¢,,w,
where ¢, is the correlation matrix for all of the entries of y.
Thus, the optiniization becomes W=min,, W’ ¢,,w, such that
w’h=1. This problem has a closed-form solution, which is

buh

w= hrlﬁ;}}h

To compute this filter, an estimate of the template h and the
covariance of the observation ¢,, is required. In some
embodiments, ¢, is computed as the sample covariance
matrix from the observation. The estimated signal is then

! i 71’1([)
x(0) = w! (hxl() + (D) = hrlfflyh(hx(z)+n(z)):x(z) hf;{ T
yy »

[0108] FIG. 10 illustrates a set of EMG channel wave-
forms associated with a number of biological sources, that
may be produced in accordance with some embodiments of
the technology described herein. As shown, each column
reflects a spatiotemporal waveform as detected from one
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biological source (i.e., one motor unit) and each row is
(average/template) waveform produced from one EMG
channel.

[0109] FIG. 11 illustrates an exemplary output of an
automatic spike detector using an MVDR filter to process
streaming recorded neuromuscular data. As shown, the
MVDR filter output is similar to the ground truth spike times
indicating that the accuracy of the automatic spike detection
is high. When a plurality of MVDR filters are used, each of
which corresponds to an individual motor unit, spike event
information for each motor unit may be determined, as
shown in FIG. 12.

[0110] For beamforming techniques such as MYDR, train-
ing/fitting the model comprises determining the spatiotem-
poral response functions. The spatiotemporal patterns for
each biological source (e.g., each motor unit) may be
determined by first performing spike sorting on an initial set
of collected data. To generate the filters, approaches that
work in real-time on streaming data and approaches that do
not work in real-time (e.g., iterative techniques) may be
used. For example, in some embodiments, the spatiotempo-
ral response functions for biological sources are determined
using matrix factorization technique. For example, Negro et
al. Journal of Neural Engineering (2016) uses a multi-step
iterative algorithm to decompose the time-lagged sensor
signals into components corresponding to each source and
detecting the spike events from each source. An advantage
of matrix factorization is that it does not require training or
parameter fitting, as it acts over the data to effectively
accomplish this, e.g., by its iterative nature. More generally,
the spatiotemporal response functions can be obtained by
any spike decomposition or spike sorting method, of which
non-limiting examples include those used by commercially-
available spike sorting software packages KiloSort, Moun-
tainSort, and combinations of the techniques used therein. In
some non-limiting embodiments, estimates of the spatio-
temporal response functions are updated, for example by
repeating these estimation procedures with additional accu-
mulated data or performing reverse correlation based on the
timings of detected spikes during real-time operation of the
detectors.

[0111] In some embodiments, spike events may be
detected in the neuromuscular data. For example, raw neu-
romuscular data may be thresholded. Alternatively, the
recorded neuromuscular data may be whitened or filtered,
for example, with wavelets. The detected spike events may
then be clustered to identify similar spike events. The spike
events in the cluster may then be used to determine the
spatiotemporal patterns for each biological source (e.g. by
taking the cluster means) for the beamforming filters.
Thresholds on the filter outputs may be set by applying the
beamforming filters to the data from which the clusters were
determined, and determining which threshold results in an
appropriate balance between false negatives (failing to iden-
tify a member of the cluster) and false positives (e.g.
identifying an event from another cluster).

[0112] In some embodiments, the clusters are accepted,
rejected, or ranked based on quality criteria. Non-limiting
examples of quality criteria can reflect intra- and inter-
cluster distances, amplitudes of spatiotemporal response
functions, biological plausibility of spatiotemporal response
functions, and biological plausibility of spike times for
events within the cluster (e.g. do multiple events occur
within a motor neuron’s refractory period). In some embodi-
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ments, the event detection and clustering technique
described above is repeated multiple times in an iterative
manner. For example, after the clusters are identified, the
best cluster (e.g., the cluster with the largest amplitude
events or the most tightly clustered cluster) is selected and
beamforming is used on recorded neuromuscular data to
detect spike events corresponding to that cluster, e.g., for a
first biological source. The detected spike events are con-
volved with the spatiotemporal pattern and the result is
subtracted from the recorded neuromuscular signals to be
used on further iterations for event detection and clustering,
essentially eliminating the contribution of the first biological
source to the neuromuscular signals. A stopping criterion,
e.g., when there are no more clusters that pass a quality
criterion or when the residual signal has variance compa-
rable to that of the noise (which can be estimated from a
period of minimal neuromuscular activity), may be used to
determine when to stop the iteration.

[0113] For embodiments that employ neural networks
rather than beamforming techniques, there is typically no
closed-form solution for the optimal weights in the network.
Neural networks that employ supervised learning also
require training data with accurate ground-truth labels.
Therefore, it can be helpful to generate synthetic training
data for training the neural network. Synthetic data may be
generated by simulating neuromuscular data having spike
times with a random point process (e.g. Poisson process,
renewal process), convolving the spike events with spa-
tiotemporal profiles of the spikes. The spatiotemporal pro-
files can be the cluster centers, samples from within the
cluster, interpolations between samples within the clusters,
or samples from a model fit from the cluster), and then
adding noise. The noise can include Gaussian noise and also
spatiotemporal profiles from other motor units (e.g., syn-
thetically generated from a mathematical model, obtained
from data from other users, or semisynthetic, e.g., scaled or
otherwise transformed profile obtained from another user).
[0114] For neural networks, the first convolutional layer of
the networks can be initialized with the linear filters deter-
mined from beamforming methods, and connections to the
output layer may be skipped so that the rest of the network
can act as a correction to the beamforming estimates.
[0115] In some embodiments, the filters are saved and
re-used across user sessions. Due to changes in sensor
placement, reusing the filters may require calibration or
registration of the signals across sessions.

[0116] The inventors have recognized that any of the spike
identification systems and methods described herein may
optionally comprise a “spike peeling” workflow for itera-
tively identifying and extracting spikes from distinct bio-
logical sources (i.e. motor units). Spike peeling comprises
identifying one spike action potential (i.e. one biological
source, generally a motor unit) at a time and extracting the
spatiotemporal pattern of that biological source from the
recording, potentially revealing more spikes in the residual.
The purpose of this technique is to be able to extract spikes
from a recording in an unsupervised and potentially online
manner. In some embodiments, spike peeling may be used to
generate a session-specific “spike bank” to extract as many
spikes as possible from a recording.

[0117] FIG. 13 is a flow chart showing a substantially
real-time process for detecting spike event information from
neuromuscular data in accordance with some embodiments
of the technology described herein. In particular, FIG. 13
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shows an example process 1300 for spike peeling according
to some embodiments. Such a process may be performed,
for example, using various system or computer-based ele-
ments as described herein. At block 1302, neuromuscular
signals are recorded from a user. Next, the neuromuscular
signals are processed at block 1304 and one or more spike
events are detected at block 1306 (such as, for example,
using beamforming techniques as described herein). At
block 1308, the system determines the best biological source
(s) for one or more spike event(s) that are detected. A first
biological source is selected at block 1310 by applying
criteria to determine a “best” biological source (i.e. motor
unit) to extract, and the spike events (spike times) are
extracted (i.e. saved for use as a control signal or other use)
at block 1312. Afier the spike events for the best biological
source are extracted, the spatiotemporal waveform for that
biological source (e.g. a spatiotemporal template for that
biological source) is subtracted from the processed neuro-
muscular signals to generate a residual neuromuscular signal
at block 1314. Next, spike event(s) are detected from the
residual processed neuromuscular signals again and work-
flow 1306 through 1314 repeats one or more times until no
biological source is present in the signal that meets a
minimum threshold for selection as a biological source of
spike events.

[0118] One benefit of spike peeling is that it may be
possible to group spikes into “muscles” based on their
co-activations and sort spikes within muscles to approximate
a recruitment curve.

[0119] One effective workflow for spike peeling selects
the “best” spike to extract next based on the product of its
highest amplitude and the log of the number of spikes
assigned to it in the clustering process. The inventors have
recognized that using just the highest amplitude as a crite-
rion for selecting the next spike for extraction tends to pick
up artifacts that are localized in a single sample in a single
electrode, whereas using a criterion based only on the
number of detected spikes tends to pick up common low-
amplitude patterns that are not spike-like (i.e. not physi-
ologically plausible). The combination of spike amplitude
and number of detected spikes is most effective, in at least
some instances, to identify spatiotemporal patterns that
exhibit physiological characteristics.

[0120] Example Wearable System

[0121] FIGS. 14A-14B and 15A-15B show several
embodiments of a wearable system in which various
embodiments may be practiced. In particular, FIG. 14A
illustrates a wearable system with sixteen neuromuscular
sensors 1410 (e.g., EMG sensors) arranged circumferen-
tially around an elastic band 1420 configured to be worn
around a user’s lower arm or wrist. As shown, EMG sensors
1410 are arranged circumferentially around elastic band
1420. 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.

[0122] In some embodiments, sensors 1410 include a set
of neuromuscular sensors (e.g., EMG sensors). In other
embodiments, sensors 1410 can include a set of neuromus-
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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 1410 may be coupled together using flexible elec-
tronics 1430 incorporated into the wearable device. FIG.
14B illustrates a cross-sectional view through one of the
sensors 1410 of the wearable device shown in FIG. 14A.
[0123] Insome embodiments, the output of one or more of
the sensing components can be optionally processed using
hardware signal processing circuitry (e.g., to perform ampli-
fication, filtering, and/or rectification). In other embodi-
ments, 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
performed in hardware, software, or by any suitable com-
bination of hardware and software, as aspects of the tech-
nology described herein are not limited in this respect. A
non-limiting example of a signal processing chain used to
process recorded data from sensors 1410 are discussed in
more detail below in connection with FIGS. 15A and 15B.
[0124] FIGS. 15A and 15B illustrate a schematic diagram
with internal components of a wearable system with sixteen
EMG sensors, in accordance with some embodiments of the
technology described herein. As shown, the wearable system
includes a wearable portion 1510 (FIG. 15A) and a dongle
portion 1520 (FI1G. 15B) in communication with the wear-
able portion 1510 (e.g., via Bluetooth or another suitable
short range wireless communication technology). As shown
in FIG. 15A, the wearable portion 1510 includes the sensors
1410, examples of which are described in connection with
FIGS. 14A and 14B. The output of the sensors 1410 is
provided to analog front end 1530 configured to perform
analog processing (e.g., noise reduction, filtering, etc.) on
the recorded signals. The processed analog signals are then
provided to analog-to-digital converter 1532, which con-
verts the analog signals to digital signals that can be pro-
cessed by one or more computer processors. An example of
a computer processor that may be used in accordance with
some embodiments is microcontroller (MCU) 1534 illus-
trated in FIG. 15A. As shown, MCU 1534 may also include
inputs from other sensors (e.g., IMU sensor 1540), and
power and battery module 1542. The output of the process-
ing performed by MCU may be provided to antenna 1550 for
transmission to dongle portion 1520 shown in FIG. 15B.
[0125] Dongle portion 1520 includes antenna 1552 con-
figured to communicate with antenna 1550 included as part
of wearable portion 1510. Communication between antenna
1550 and 1552 may occur using any suitable wireless
technology and protocol, non-limiting examples of which
include radiofrequency signaling and Bluetooth. As shown,
the signals received by antenna 1552 of dongle portion 1520
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.

[0126] Although the examples provided with reference to
FIGS. 14A, 14B and FIGS. 15A, 15B are discussed in the
context of interfaces with EMG sensors, it is understood that
the techniques described herein for reducing electromag-
netic interference can also be implemented in wearable
interfaces with other types of sensors including, but not
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limited to, mechanomyography (MMG) sensors, sonomyo-
graphy (SMG) sensors, and electrical impedance tomogra-
phy (EIT) sensors.

[0127] The above-described embodiments can be imple-
mented in any of numerous ways. For example, the embodi-
ments may be implemented using hardware, software or a
combination thereof. When implemented in software, the
software code can be executed on any suitable processor or
collection of processors, whether provided in a single com-
puter or distributed among multiple computers. It should be
appreciated that any component or collection of components
that perform the functions described above can be generi-
cally considered as one or more controllers 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.

[0128] In this respect, it should be appreciated that one
implementation 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
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.

[0129] 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 applica-
tion 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.

[0130] Also, embodiments of the invention may be imple-
mented 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, embodi-
ments may be constructed in which acts are performed in an
order different than illustrated, which may include perform-
ing some acts simultaneously, even though shown as sequen-
tial acts in illustrative embodiments.

[0131] 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).
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[0132] The phraseology and terminology used herein is for
the purpose of description and should not be regarded as
limiting. The use of “including,” “comprising,” “having,”
“containing”, “involving”, and variations thereof, is meant
to encompass the items listed thereafter and additional
items.

[0133] Having described several embodiments of the
invention in detail, various modifications and improvements
will readily occur to those skilled in the art. Such modifi-
cations 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, comprising:

a plurality of neuromuscular sensors configured to record

a plurality of neuromuscular signals from a user,
wherein the plurality of neuromuscular sensors are
arranged on one or more wearable devices; and
at least one computer processor programmed to:
detect, based on the plurality of neuromuscular signals or
information derived from the plurality of neuromuscu-
lar signals, at least one spike event corresponding to
firing of an action potential in at least one motor unit;

determine, based on the plurality of neuromuscular sig-
nals or the information derived from the plurality of
neuromuscular signals, a biological source of the
detected at least one spike event; and

generate at least one output based, at least in part, on the

detected at least one spike event and/or the determined
biological source of the detected at least one spike
event.

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

apply one or more criteria for selecting a best biological

source from a plurality of biological sources associated
with respective detected spike events;

select at least one best spike event associated with the best

biological source;

subtract a detected waveform for the at least best spike

event from at least one of the neuromuscular signals,
and generating a residual neuromuscular signal.

3. The computerized system of claim 2, wherein the at
least one computer processor is further programmed to
perform an iterative process for processing detected spike
events until no biological source is present within the
residual signal that meets a minimum threshold for selection
as a biological source for spike events.

4. The computerized system of claim 1, wherein the at
least one computer processor is further programmed to
group detected spike events into a muscle-specific group
based on co-activations and sort spike events within the
muscle-specific group to approximate a recruitment curve.

5. The computerized system of claim 1, wherein the at
least one computer processor is further programmed to apply
at least one filter to a time-lagged representation of the
plurality of neuromuscular signals, and

wherein detecting the at least one spike event and deter-

mining the biological source of the detected at least one
spike event is performed based on the filtered time-
lagged representation of the plurality of neuromuscular
signals.
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6. The computerized system of claim 5, wherein applying
at least one filter to a time-lagged representation of the
plurality of neuromuscular sensors comprises using a beam-
forming process to apply a plurality of beamforming filters
to the time-lagged representation of the plurality of neuro-
muscular signals, wherein the plurality of beamforming
filters are filters generated based on spatiotemporal patterns
of one or more spike events.

7. The computerized system of claim 6, wherein the
beamforming process comprises using at least one of a
minimum variance distortionless response technique and a
linear constrained minimum variance technique.

8. The computerized system of claim 6, wherein the at
least one computer processor is further programmed to
determine the spatiotemporal patterns of the one or more
spike events corresponding to the plurality of beamforming
filters.

9. The computerized system of claim 8, wherein deter-
mining the spatiotemporal patterns of the one or more spike
events corresponding to the plurality of beamforming filters
comprises:

detecting a plurality of spike events in recorded neuro-

muscular signals;

clustering the detected plurality of spike events; and

determining the spatiotemporal patterns based on the

clusters of spike events.

10. The computerized system of claim 8, wherein detect-
ing a plurality of spike events comprises:

detecting within the plurality of neuromuscular signals,

periods of low activity; and

detecting within the period of low activity, putative spike

events.

11. The computerized system of claim 10, wherein detect-
ing the plurality of spike events further comprises analyzing
the detected putative spike events to discard spike events
having one or more particular characteristics, and wherein
the one or more particular characteristics include a duration
longer than a particular threshold duration.

12. The computerized system of claim 1, wherein the at
least one computer processor is further programmed to
detect the at least one spike event and/or determine the
biological source of the detected at least one spike event
using one or more neural networks, comprising at least one
of a convolutional neural network and a recurrent neural
network.

13. The computerized system of claim 1, wherein the at
least one computer processor is further programmed to
detect the at least one spike event and determine the bio-
logical source of the detected at least one spike event using
a multi-step iterative technique to decompose a time-lagged
representation of the plurality of neuromuscular signals into
signal components corresponding to at least one biological
source, and detecting the at least one spike event from the at
least one biological source.

14. The computerized system of claim 1, wherein gener-
ating at least one output comprises generating compressed
data including an indication of the at least one spike event,
wherein the indication of the at least one spike event is
provided as a control signal to a computer-based system, and
wherein the indication of the at least one spike event is
provided as at least one of a group comprising:

a discrete control signal;

a continuous control signal; and

a composite control signal.
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15. The computerized system of claim 1, wherein gener-
ating at least one output comprises generating an indication
of the at least one spike event, and wherein the indication of
the at least one spike event includes an indication of a
biological source of the at least one spike event and a time
of occurrence of the at least one spike event.

16. The computerized system of claim 1, wherein the at
least one computer processor is programmed to provide
feedback to the user responsive to the at least one output
based, at least in part, on the detected at least one spike event
and/or the determined biological source of the detected at
least one spike event.

17. The computerized system of claim 16, wherein the at
least one computer processor is programmed to provide
feedback to the user as part of a user training process, and
wherein the feedback includes at least one of a group
comprising auditory, visual, haptic, and multi-sensory feed-
back.

18. The computerized system of claim 1, further com-
prising an inertial sensor configured to determine movement
artifacts or shifts in spatial location of muscle fibers of the
at least one motor unit relative to one or more of the plurality
of neuromuscular sensors.

19. The computerized system of claim 1, wherein genet-
ating at least one output comprises generating in substan-
tially real-time, at least one control signal for controlling at
least one device, wherein detecting at least one spike event
comprises detecting a spatiotemporal pattern of the at least
one spike event, and

wherein generating at least one control signal comprises

generating the at least one control signal based, at least
in part, on at least one characteristic of the detected
spatiotemporal pattern of the at least one spike event.

20. The computerized system of claim 19, wherein the at
least one characteristic comprises a rate of the at least one
spike event and/or a spatial distribution of the detected
spatiotemporal pattern of the at least one spike event.

21. The computerized system of claim 1, wherein the
identified biological source comprises at least one of a group
comprising:

a motor unit;

a plurality of motor units;

a muscle; and

a plurality of muscles.

22. The computerized system of claim 1, wherein deter-
mining the biological source of the at least one spike event
comprises determining that the at least one spike event is
associated with a motor unit or group of motor units,

wherein the at least one computer processor is further

programmed to determine a muscle to which the motor
unit or group of motor units belongs, and

wherein generating at least one output comprises gener-

ating the at least one output based on the determined
muscle to which the motor unit or group of motor units
belongs.

23. The computerized system of claim 22, wherein the
determined muscle is associated with a motor unit recruit-
ment sequence describing a sequence of activation of motor
units for the determined muscle, and

wherein the at least one computer processor is further

programmed to determine where the motor unit or
group of motor units fall within the motor unit recruit-
ment sequence of the determined muscle.
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24. The computerized system of claim 1, further com-
prising:
at least one auxiliary sensor configured to record a plu-
rality of auxiliary signals, and
wherein the at least one computer processor is further
programmed to generate the at least one output based,
at least in part, on the plurality of auxiliary signals.
25. The computerized system of claim 24, wherein the at
least one auxiliary sensor comprises at least one inertial
measurement unit (IMU) sensor configured to record a
plurality of IMU signals, and
wherein the at least one computer processor is further
programmed to generate the at least one output based,
at least in part, on the plurality of IMU signals and/or
information derived from the plurality of IMU signals.
26. The computerized system of claim 24, wherein the at
least one auxiliary sensor comprises at least one camera
configured to record one or more images, and
wherein the at least one computer processor is further
programmed to generate the at least one output based,
at least in part, on the one or more images and/or
information derived from the one or more images.
27. The computerized system of claim 1, wherein the at
least one computer processor comprises at least one first
computer processor included as a portion of a device sepa-
rate from and in communication with the plurality of neu-
romuscular sensors arranged on the one or more wearable
devices and at least one second computer processor inte-
grated with the one or more wearable devices on which the
plurality of neuromuscular sensors are arranged, and
wherein the plurality of neuromuscular sensors are config-
ured to transmit at least some of the plurality of neuromus-
cular signals to the at least one first computer processor,
wherein the at least one first computer processor is
programmed to:
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train, based on the at least some of the plurality of
neuromuscular signals transmitted from the plurality
of neuromuscular sensors, at least one spike detec-
tion model and/or at least one spike identification
model; and
transmit the trained at least one spike detection model
and/or the at least one spike identification model to
the at least one second computer processor, and
wherein the at least one second computer processor is
programmed to detect the at least one spike event and
determine the biological source of the detected at least
one spike event using the at least one spike detection
model and/or the at least one spike identification model
transmitted from the at least one first computer proces-
sof.

28. The computerized system of claim 27, wherein the at
least one spike detection model and/or at least one spike
identification model are trained to estimate at least one of a
group comprising:

whether the user is activating a particular motor unit;

whether the user is activating a particular motor unit with

a particular timing; and

whether the user is activating a particular combination of

motor units.

29. The computerized system of claim 1, wherein detect-
ing at least one spike event corresponding to firing of an
action potential in at least one motor unit comprises detect-
ing at least one spike event corresponding to firing of an
action potential in a plurality of motor units.

30. The computerized system of claim 5, wherein the at
least one computer processor is further programmed to
threshold the filtered time-lagged representation of the plu-
rality of neuromuscular signals to detect the at least one
spike event.
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