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Abstract—Prosthetic and therapeutic devices have been
developed to ameliorate the quality of daily living for people with
amputation or neurological disorders. However, many of them fall
short of functional benefits, and therefore, are frequently rejected
by users due to awkward control, or no awareness of interaction
during tasks. Traditional wisdom in the design of prosthetic and
therapeutic devices may have emphasized the need to provide
users with apparatus that replace or assist motor ability. Rather,
the notion to achieve neural compatibility with the existing sen-
sorimotor system has not been well recognized. We argue that
providing biomimetic control and sensing capacity to prosthetic
and therapeutic devices can enhance their neural compatibility,
and therefore, can yield greater functionality in performing activ-
ities of daily lives, or in rehabilitation training. In this paper,
the authors will present a range of neural technologies that
may allow implementation of biomimetic sensorimotor control,
including natural sensory feedback, neuromuscular like compli-
ant control, natural module of synergy-based control, as well
as advanced neural signal processing techniques. Based on the
evidence in our research and in literature, we propose that achiev-
ing neural compatibility with the existing human sensorimotor
system should be the ultimate goal of prosthetic and therapeutic
devices.

Index Terms—Neural prosthetics and therapeutics, functional
electrical stimulation (FES), sensory feedback, compliant control,
EMG.
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I. INTRODUCTION

W ITH great passion, engineers, electrical or mechanical
alike have put up their expertise to develop prosthetic

or therapeutic devices for people with disabilities (PWD), hop-
ing that these devices will enhance their quality of life. In
spite of many successful examples, many other devices, such
as myoelectrical prosthetic hand, have not been well received
by PWDs, or therapists. The reasons may range from high
cost, low effectiveness, but mostly from inadequate function-
ality and difficulty to control. The wide variety of factors to
consider in design, test and manufacture of prosthetic and ther-
apeutic devices have made these devices most time-consuming
products to market among medical devices. For example, myo-
electrically controlled prosthetic hand has gone through more
than a half century of evolution, and is still yet to show an
acceptable performance [1]–[3].

Another kind of prosthetic devices is called functional elec-
trical stimulation (FES), which uses a low level of electrical
current to activate nerve fibers [4]. This technology is also
known as neuromuscular electrical stimulation (NMES) when
applied for motor rehabilitation. It was the most exciting
development of neurotechnology from neuroscience labo-
ratories in 70’s and 80’s of last century. FES had been
viewed as the most promising means for spinal cord injury
patients to regain stance and hand functions [4], [5]. However,
FES based devices for therapeutic applications are still not
widely accepted by rehabilitation community and medical
insurance alike [6]. There has been little consistent evidence
from previous studies that FES is effective for upper limb
motor recovery after stroke [7]–[20]. Reconciling these find-
ings is difficult, because protocols and patient population
are heterogeneous across studies [13], and optimal stimu-
lation parameters are highly individual and influenced by
the pathology [21]. It is difficult to differentiate whether
improvements are attributable to FES [22] or spontaneous
recovery [7].

In the past decades, new neural technologies, such as brain-
computer interface and microstimulation of brain and spinal
cord, have steadily progressed as promising ways to inter-
act with the nervous system [23]–[27]. Concurrently, system’s
neurophysiology has made significant stride, consolidating
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a new concept of modular organization as the principle of
multiple muscle control in the sensorimotor system [28]–[30].
Yet, how these innovations in neural technologies and theoret-
ical motor physiology can join hands to help advancing neural
prosthetic and therapeutic devices is still staggering.

Increasing evidence has shown that prosthetic or therapeu-
tic devices need to extract from and feed back to the users
more accurate neural information, so as to improve function-
ality, acceptance by the users [31]–[33], and clinical efficacy
in therapeutic training [34], [35]. Such efforts are pushing the
envelopes of evolution of prosthetic and therapeutic devices.
This paper proposes a new concept with regard to the neural
coupling between human sensorimotor system and external
devices, the neural compatibility, which is referred to as the
degree of congruence (or similarity) in the efferent and efferent
neural information communicated between the human senso-
rimotor system and the prosthetic or therapeutic devices as
in the intact central and peripheral sensorimotor system. Here
we argue that achieving neural compatibility with the existing
sensorimotor control system should be an important principle,
among others, for designing neural prosthetic and therapeutic
devices.

This paper discusses several aspects of neural technologies
that can improve neural compatibility for the neural prosthetic
or therapeutic devices. First, in Section II, a brief review will
be presented on the computational model of neural control of
movements that enhances our understanding of functions of
human sensorimotor system. In Section III, neural compati-
ble techniques of sensory feedback to provide touch sensation
for transradial amputees will be described. Section IV of this
paper will discuss a human reflex-like strategy of compliant
control for prosthetic hands. An analysis of motor unit firings
from high density EMG signals in Section V will further the
concept of biomimetic control for prosthetic hands. Finally,
we will introduce a recent progress in synergy-based FES that
improves motor learning in rehabilitation training for patients
post stroke. The paper will close with a summary of neural
compatibility for emerging technologies and a perspective for
future applications.

II. HUMAN SENSORIMOTOR CONTROL AND MODELS

Understanding how humans make coordinated movements
and dexterous manipulations has been a major neuroscience
frontier since Sherrington [36], Mayeri et al. [37], and
Koester et al. [38]. Over the past century, accumulating evi-
dence has begun to unveil the perplex of how the complex
human body as a mechanical plant with multiple joints and
muscles can be controlled by the brain. Add to that complex-
ity is the multiscale nature of neuromuscular system, which
gives rise to the fundamental compliant property of the neuro-
muscular system. In addition, there is the need of the brain
for rapid information of motor action and interaction with
the environment during motor adaptation or learning, which
underlies our ability of motor skill acquisition and rehabil-
itation. As a consequence, a prosthetic/therapeutic device is
interfacing with these properties of the sensorimotor system
of patients. If the device emphasizes merely the replication

of the ostensible profile of a movement, it may miss the goal
to excite the ability of motor relearning, thus, suffering rejec-
tion by or no response from the sensorimotor system of the
patients. This may explain the high rate of rejection for myo-
electrical prosthetic hand [39], and low effectiveness of many
therapeutic devices in clinical trials.

However, nature has offered a viable solution to reconcile
the multi-target, multi-scale nature in sensorimotor control,
that is to divide and share the responsibility among mod-
ular components organized in hierarchies, as illustrated in
Fig. 1. The sensorimotor system in Fig. 1(B) shows the neu-
roanatomical structure of the sensorimotor control system,
which is organized in a hierarchical order of brain, spinal
cord and peripheral system [40]. Somatic voluntary movement
is realized through coordinating descending motor signals and
sensory feedback in three levels (Fig. 1(A)). The brain designs
the task planning based on the external task requirement. The
central command is the efferent from the brain to the periph-
eral system via spinal cord (propriospinal neuron network and
spinal regulator). The muscles actuate the joints to gener-
ate movements. Simultaneously, the cutaneous receptors and
proprioceptors of peripheral system transmit the peripheral
information back to the central nervous system (CNS). The
spinal cord (propriospinal neuron network and spinal regula-
tor) and brain system may modulate the descending command
based on the afferent information to update the voluntary
movements.

For the purpose of transcending the performance of ther-
apeutic and assistive devices, it becomes increasingly cru-
cial to leverage the mechanisms of human sensorimotor
control [34], [41]–[43]. However, our understanding of vol-
untary and reflexive control of movement is limited due to
lack of detailed neural information, which usually must be
obtained via invasive neural recording in human. Fortunately,
mammalian experiments have revealed the instrumental ele-
ments of sensorimotor control: motor units with patterned
recruitment order [44], spinal neural circuitry [45]–[47], spin-
dle transduction [48], [49], muscle force generation with
viscoelastic properties [50], [51] and so on. By examining
abnormality in features of reflex loop, such as delay and gain,
we realize that the spinal reflex system has inherent limita-
tions, such as instability and abnormally high gain [52]–[54].
Its regulatory functions cannot be over emphasized as origi-
nally perceived [55]. The real function for the spinal circuits
may lie in regulating compliant property of the neuromus-
cular system, so that adaptive tuning of compliance can be
achieved [56].

A minimalist model of human sensorimotor system
is expected to characterize a monosynaptic reflex
loop, which quantifies spiking neurons [57], [58],
spinal circuitry [59], [60], skeletal muscles [61]–[63],
proprioceptors [64]–[67], joints with biomechanical
properties [68], [69]. The advantage of including spik-
ing neurons instead of rate-based models is to allow for
timing-sensitive scenarios such as spike-timing-dependent-
plasticity (STDP) [70], which has been shown important
in explaining the longitudinal progression of neurological
disease [71]. A number of models have been developed for
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Fig. 1. A model-based view (A) of human sensorimotor control for movements in upper extremity (B). At the brain level, motor commands for accomplishing
a task are computed based on inputs through a collection of complex structures, including sensory and motor cortices, basal ganglia, cerebellum, brainstem,
etc. The computed motor commands are delegated to the sub-cortical and spinal structures, parts of which pass through a C3-C4 level propriospinal network
that screens and distributes the commands, while other parts directly reach the spinal regulator. The spinal regulator executes the descending motor commands
via a peripheral system, which is capable of establishing muscle tensions through closed-loop control. Due to the mechanical coupling among muscles, tendons,
joints and skeletons, it eventually produces motor consequences of either a movement or a maintained posture; in addition, the sensory consequences are
picked up by various receptors and propagated back to the central nervous system in hierarchy. Modified from Lan et al. 2017 [83] with permission.

producing realistic EMG waveform [72]–[76], which are
not required for model-based control but useful to verify
with experimental data [77]. Supra-spinal structures are
instrumental for reproducing high-level behaviors such as
motor learning or task selection, models exist for supra-spinal
structures including the cerebellum [78]; a hierarchical
neural-network model for control and learning of volun-
tary movement [79], [80]; hippocampus [81], cortex [82],
etc. Supra-spinal models have yet been extensively tested
with those targeting the spinal level. There has not been
a comprehensive survey of computational models of senso-
rimotor system. But a recent research topic in Frontiers of
Neuroscience [83], [84] provided a partial review of this field.

Computational modeling has paved a different but system-
atic way for translating the functions of human sensorimotor
control. The unique value of modeling is that it provides
a deductive approach of explaining the sufficiency (rather
than necessity) of sensorimotor principles for production of
movement behavior, e.g., a spinal-like regulator with classi-
cal circuitry was shown capable of accomplishing a range
of movement tasks [85], a network with spiking neurons
has the same capability to approximate arbitrary continuous
functions as does an artificial neural network [86], a system
implemented monosynaptic spinal loop with spiking neu-
rons could replicate realistic reflex in robotic and cadaveric
fingers [87], etc. Computational modeling also provides a tool

to consolidate the ever-mounting experimental data to gen-
erate a more holistic understanding of motor control, to test
hypotheses or to generate new hypotheses regarding the princi-
ples of sensorimotor control. Computational systemic models
can form a basis on which new data from experimental map-
ping of neural circuits, or neural modeling, can be configured
into new models [88], [89].

One purpose of computational modeling is to guide the
design of prosthetic or therapeutic devices that possess human-
like capability of moving that is compatible with the ner-
vous system [83], [84], [90]. As eloquently put in Carr and
Shepherd [91], “Rehabilitation, for patients, is fundamen-
tally a process of relearning how to move to carry out their
needs successfully”. Therefore, incorporating learning effects
of plastic changes into models provides a new, promising
tool for the understanding of disease progression [71] and
closed-loop control of therapeutic devices [92].

III. NEURAL TECHNOLOGIES FOR SENSORY FEEDBACK

The sensorimotor system (Fig. 1) is composed of efferent
and afferent bi-directional neural information pathways [40].
Motor intent is carried in the descending volley of impulse
from the brain to the effectors (muscles). While the motor
action is monitored by a large set of proprioceptors and
skin receptors, and the sensory information is sent back from
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peripheral body locations to the brain via the ascending path-
way. The sensorimotor system relies on the integrity of efferent
and afferent information to perform motor tasks effectively
and to complete motor learning. The latter is fundamen-
tal to human’s ability to adapt to changes in environments,
and to relearn sensorimotor functions after injury through
rehabilitation [93], [94].

Interruption of sensory flow in any part of the ascending
pathway below the brain will lead to loss of somatosensation,
such as in spinal cord injury or amputation. The importance of
providing sensory information back to the human brain from
prosthetic and therapeutic devices has been well recognized in
recent years [95]–[97]. However, implementation of sensory
feedback to human brain has proven to be challenging [98].
This is due not only to limitations in neural interface tech-
nologies, but also to constraints on the appropriate ways of
providing sensory feedback to the brain.

In general, when designing a sensory feedback method,
three attributes are usually considered, which are homology
of sensation, somatotopic location in the body, and stabil-
ity and longevity of neural information [99]. The first and
second attributes are closely related to the issue of neural
compatibility raised here. For effective motor relearning in
rehabilitation, the brain needs to receive sensory information
that is consistent to normal motor control. If the sensory
information provided is incomplete, or inconsistent in homol-
ogy of sensation and somatotopic locations as that of original
limbs, the brain may not adapt to the incongruity in neural
information, and may fail to perform motor relearning with
the device [1], [2], [100]–[103]. This would be exhibited as
difficulties to improve motor functions in the part of patients
using the devices, or as unwillingness to accept the devices in
performing routine daily activities, resulting in rejecting, e.g.,
myoelectrically controlled prosthetic hands.

The third attributes may be achieved with various neural
technologies. With rapid advancement of neural engineering
in recent decades, a number of neural interface technolo-
gies have emerged as promising means to communicate
sensory information to the brain of amputees and patients
with spinal cord injury [104]–[106]. Intracortical microstimu-
lation (ICMS) within the hand area of primary somatosensory
cortex (SI) has been used to restore sensory perception for
patients with spinal cord injury [24], [25], [107]. One study
demonstrated that the tactile percepts evoked by ICMS deliv-
ered through Utah electrode arrays were naturalistic in sensa-
tions and followed the somatotopic organization [24]. A recent
study reported that both the cutaneous and proprioceptive
sensations in human were elicited by ICMS with microelec-
trode arrays implanted in SI [25]. ICMS could, therefore, be
an effective technique for sensory feedback, as long as the
interface between array and neural tissue remains safe and
stable over time.

Microstimulation of peripheral nerve is another invasive
way to induce discriminable sensations. Stimulation through
longitudinal intrafascicular electrodes (LIFEs) implanted in
the peripheral nerve stumps can produce discriminable sen-
sations of touch, joint movement and position referred to

the amputees’ lost hand [102], [108]. It has been demon-
strated that stimulus enter into the median nerve and ulnar
nerve of an amputee through implanted transversal intrafascic-
ular multichannel electrodes (TIMEs) restored touch sensation
and the evoked hand sensation is used to achieve bidirec-
tional control of a hand prosthesis [109]. However, the hand
area evoked by LIFEs and TIMEs is limited because of the
implanted location of electrodes. Subjects with previous tran-
sradial amputations can perceive spatially distinct and stable
sensory percepts with Utah slant electrode arrays (USEAs)
implanted in median or ulnar nerve [110], [111]. Although
USEAs provide high-density somatotopic locations of the lost
hand, it needs to establish a long-term stability with electrodes
penetrating the nerve fascicles. The flat intrafascicular nerve
electrodes (FINEs) are non-penetrating multi-contact cuff elec-
trode arrays and they can induce highly localized sensations
by stimulating subunits of the nerve [112]. The studies have
been extended to take-home trials that took place more than
3 years post-implant [32].

The vibrotactile and electrotactile represent the general
non-invasive techniques to provide sensory feedback applying
on the skin surface. Vibrating feedback matches the modal-
ity of vibration sensation of normal skin. Transcutaneous
electrical nerve stimulation (TENS) can elicit a volley
of sensory afferents and induce multiple modalities of
sensation [113]–[115]. In general, the vibrotactile or elec-
trotactile was used as a substitute for sensory feedback
because of lack in locational specification corresponding to the
lost hand.

It remains to clarify how adequate is the sensory information
afforded by these methods of neural technologies for the
amputees or patients with spinal cord injury to relearn to oper-
ate prosthetic devices effectively. So far, tests in amputees
indicate that even limited substitutional sensory cues can
enhance the performance of prosthetic hands [116], [117].
With an awareness of touching or grasping, amputees felt
greater embodiment of the prosthetic hands [32].

Evoked tactile sensation (ETS) is a unique phe-
nomenon found in the stump skin of many trans-radial
amputees [113], [118]. Stimulating specific skin areas in the
stump of amputees by either mechanical or electrical stimuli
can elicit the feeling of the palm, lost fingers and even digits
by the amputees. ETS with TENS could be used to restore nat-
uralistic sensations of the fingers of the lost hand with a rich
variety of sensory modalities [113], [119]. This technique has
the potential to establish a safe neural interface with long-term
stability for conveying sensory information of the prosthetic
hand to the brain of amputees [120], [121].

These different approaches will be judged ultimately by the
outcome of their functional benefits. Since many approaches
are still in their developmental stage, it is not clear yet which
one would yield higher functionality. However, in terms of
implementation, non-invasive approach may be preferred if
neural pathway permits. In the case of spinal cord injury,
communication between central and peripheral sensorimo-
tor system hardly exists, and invasive approaches appear
necessary.
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Fig. 2. (A) Illustration that when the biological pathways of neuromuscular control in an able-bodied individual are cut off due to amputation. (B) biomimetic
controller aims to graft EMG from an alternative muscle, decode its latent information as a proxy of descending motor command, and emulate the subsequent
physiological components to produce human-like interactions between hand and object.

IV. COMPLIANT MOTOR CONTROL WITH

REAL-TIME COMPUTING

More challenges arise when using prosthetic devices to
interact with real-world objects that are deformable or crispy,
in which the prosthetic hand should differentiate the stiff-
ness or brittleness of the object as the human hand does.
Therefore, it is expected to adapt its behavior commensu-
rate with object compliance. Core to fulfilling this goal is to
mimic how compliant control is accomplished by humans. In
able-bodied individuals (shown as Fig. 2A), nuances of an
object are perceived through an interplay among visual, tac-
tile, and proprioceptive information; In amputees (shown as
Fig. 2A after amputation), tactile and proprioceptive feedback
are compromised at their stumps, leaving visual feedback as
an indirect information source to calculate grasp forces. If
proprio-sensor signals on prosthetic hands can be engineered
into biomimetic forms such as spike trains, it may be possible
to emulate the flow of proprioceptive information at spinal-
level control, which can be further utilized in a biomimetic
control strategy (Fig. 2B). This is a fundamentally alternative
approach than many control strategies for robotics.

Prosthetic hands are expected to restore the hand function
of amputee, which relies primarily on the premises that the
prosthesis would: 1) reproduce the same motor consequences
for accomplishing a task, and 2) reproduce the same sensory
outcomes for inducing changes through cortical plasticity or

motor learning in the human brain. Both demand that the
prosthetic hand should faithfully execute the descending motor
command, which is achieved in able-bodied subjects through
the machinery of neurons, muscles, tendons, joints, proprio-
ceptors, cutaneous receptors, etc. In specific, the descending
commands must pass through a series of physiological struc-
tures before the commands eventually materialize in the
environment. It follows that if the informational dynamics
can be modeled and simulated in real-time, this would cre-
ate an artificial controller capable of reproducing human-like
interactions between the hand and the object. Previous work
has demonstrated the capability of simulated monosynap-
tic reflex for replication of human-like movements in health
and disease [60], [87]. This “virtual reflex” model implements
spiking neurons, muscle spindles, synapses, skeletal muscles,
and monosynaptic spinal circuitry. Models in the form of dif-
ferential equations (e.g., spindle) are computationally expen-
sive and generally difficult to run in real-time [67], [122],
making it difficult to be integrated in the closed-loop control
of prosthetic hand.

The need for real-time simulation of the models brings up
another challenge. Numerical solution of differential equation
calls for large volumes of floating-point calculations within
reasonably short time. All the more so when the application
requires real-time performance, such as controlling a pros-
thetic hand. The heavy burden of numerical calculation is
less likely to be lifted by pure algorithmic improvements,
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but rather frequently offloaded to hardware-in-the-loop. Along
this path, general purpose hardware such as GPU (graphics
processing unit) has demonstrated its value far beyond its orig-
inal rationale of graphics rendering, for demonstrations look
only to mounting reports on training of deep artificial neu-
ral networks [123], token evaluation for cryptocurrency [124],
etc. It follows that general-purpose hardware may also prove
useful in sensorimotor simulation [67], [125]. At the other
end of the spectrum is fully-customized hardware such as
FPGA (field programmable gate array). Cost is inevitably high
by custom design of arithmetic circuits, which transfers into
scalability, flexibility in data transferring, and generally higher
evaluation speed.

Scientists started creating artificial neurons and neural
networks using electronic circuits since 1940s [126]. Models
of neuron dynamics [57], [127] soon emerged to be simu-
lated on digital computers. Since the 1980s, special- purpose
hardware with Very Large Scale Integrated-circuit (VLSI)
technology started to benefit from some of the key
insights in neural computation, including spike representa-
tion of information, asynchrony among neurons, and self-
improvements via plasticity [128]–[131]. This category of
designs, termed “neuromorphic” hardware, has been success-
ful in understanding mechanisms of memory [132], visual
representation [133], and recently cognitive function [82]. For
sensorimotor function, the neuromorphic approach should not
only describe neurons, but also the physiological environment
(muscles, proprioceptors, peripheral nerves, skeletal system)
that the neurons interact with, such that the emulated nervous
system could reproduce the human-like movement behavior.

V. HIGH DENSITY EMG ANALYSIS FOR

PROSTHETIC CONTROL

Deciphering motor information from sEMG signals seem to
have encountered a bottleneck due to the intrinsic limitations
of sEMG compositions [3]. The sEMG signal is the spatial
and temporal summation of hundreds of MU action poten-
tials (MUAPs) arisen from the neural inputs [134], [135].
Although the sEMG signal can partly reflect the high-
level cortical control of the muscle contraction, the under-
lying neural information can still be masked due to the
interference from the MUAPs, such as the cancellation of
MUAP waveforms [136], [137] and the cross-talk among
multiple muscle groups [138]. Moreover, EMG signal can
be distorted by external factors, such as motion artifacts
(De Luca et al. 2010), or during the conductive process from
muscle to skin surface [139], etc. These uncertainties may
undermine the achievement of neural compatibility in efferent
information to the prosthetic device.

In contrast, with the development of flexible high-
density (HD) sensor techniques, a neural interface was
proposed to address the issues of traditional global sEMG-
based approach [140]. The novel interface is based on the
truly neural information—discharge events of motoneuron—
via the decomposition of HD EMG recordings. The decom-
posed motoneuron discharge events at the population level can

precisely reflect the physiological mechanism of motor con-
trol, providing the natural coding of movements at the spinal
cord level [140], [141]. The decoded neural drive information
is represented as a binary motor unit spike train (MUST),
and then processed to translate user’s intent into the com-
mands of prosthetic control. The use of MUST can overcome
most disadvantages of traditional control methods caused by
the MUAP interference or external noise. Therefore, the novel
HD-based technique has been considered as a breakthrough of
the development of the prosthetic control.

To acquire the neural information, the HD EMG sig-
nals need to be deconvoluted into individual MUSTs using
blind source separation (BSS) algorithms. To date, only fast
independent component analysis (FastICA) [142] and con-
volution kernel compensation (CKC) [143] have been sys-
tematically validated on both simulated and experimental
data [143]–[145]. The details of the decomposition algorithms
were described in [143], [144].

Fig. 3 shows an example of decomposition of 160 (8 rows
×20 columns) EMG channels and prediction of the joint
movements during individual finger extension. The details
about the experimental data collection were described in [146].
Briefly, the subject was required to extend the designated
finger every 2 seconds with a 1-s rest interval. During the
movement, the HD EMG signals of the extensor digitorum
communis muscle were recorded using EMG_USB2+ system
(OT Bioelettronica, Torino, Italy), and the corresponding finger
joint angles were tracked with an 8-camera Optitrack system
(Natural Point Inc, Corvallis, OR). Individual MUSTs were
decomposed using FastICA-based algorithm and then pooled
into one composite spike train (CST). The discharge frequency
of the CST with a smoothing window ≤ 200 ms was cal-
culated for the input of estimation. The model between the
discharge rate of CST and the joint angle was calibrated using
the quadratic regression. A testing trial was used to estimate
the joint angle. The discharge of the CST shows a higher
R2 value with the measured finger kinematics, compared with
the classic EMG-envelope-based method.

The results of recent studies have established the find-
ings that the HD-based interface is a promising approach for
the prosthetic control [141], [147], [148]. One study mapped
the novel interface into the control commands of upper-
limb prostheses on the amputees following targeted muscle
reinnervation [141]. The study reported that the HD-based
approach showed a higher pattern recognition accuracy than
the traditional sEMG-based approach. Another study used the
HD-based approach to estimate individual finger joint torques
on a stroke survivor [148], and reported that the root-mean-
square errors of novel methods were much smaller than the
classic method.

Despite the bright prospects, the novel interface is still far
from the clinical applications [149]. All HD-based studies are
currently based on the offline analysis. The computation time
of EMG decomposition is a challenge for the online pros-
thetic control. Although the EMG decomposition algorithm
has been implemented online, the results of user’s real-time
control could still be different from the offline outcomes [150].
Second, current related studies used the regression method
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Fig. 3. An example of time series plots of joint angle estimation under
individual finger movement. A: Experimental set-up. The grid of 8 ×20 high-
density (HD) electrodes recorded the EMG signals. The optical markers
recorded the joint angle movement. B: The illustration of EMG decompo-
sition and joint angle estimation. One channel EMG was plotted, and the
decomposed motor unit (MU) spike trains were shown. The estimate of the
novel HD-based approach was shown in red, and the estimate of traditional
EMG-envelope-based approach was shown in green as the reference. The
measured angle was plotted in blue. This example indicates that the decon-
voluted signals of HD EMG recordings from forearm muscles (e.g., extensor
digitorum communis, flexor digitorum superficialis and profundus muscles,
etc.) could be a promising interface for the control of prosthetic hand.

calibrated within one force level, but only tested on the
same force effort. The question is if the novel methods can
be calibrated on one condition, but tested across different
conditions. The challenge of solving this issue is that the
decomposed MU pool for each force level is not linearly corre-
lated with the force level [147]. Since the normalization cannot
be performed practically in each condition, future work should
realize a generalized calibration across different conditions.

VI. INTELLIGENT CONTROL STRATEGIES FOR

NEURAL THERAPEUTICS

Therapeutic devices for neurorehabilitation can assist pos-
ture maintenance, joint excursion, muscle activation and other
crucial aspects in rehabilitation training. Therapeutic devices
could guide a patient to correct the disrupted motor control
toward its normal pattern [151], or to promote novel com-
pensatory strategies [152]. In this way, therapeutic devices
evolve under a unique set of principles different from those

of prosthetic devices. To name a few, a therapeutic device is
expected to switch flexibly between assistance and resistance,
as both patterns may enhance motor learning [153], which is
not usually performed in neural prosthesis. Another difference
is that therapeutic devices usually monitor user performance
at much longer time intervals compared to that of neural pros-
thesis. One primary reason is that motor re-learning takes
place in therapeutics at longer time scales (hours and days),
in comparison to the millisecond-level fine motor control in
prosthesis.

The engineering challenges in the control of neural ther-
apeutics using functional electrical stimulation (FES) for
post-stroke rehabilitation are at least three folds: first, almost
every device requires an optimal scheme to produce a pattern
of stimuli that maximize motor re-learning; second, the stim-
ulation pattern must be accompanied by a formulae to adjust
its parameters and training dosage along during rehabilitation
training; third, special attention must be given to patient com-
pliance, therapist experience, and the overall ease-of-use in
clinical environment [154], [155].

The foremost challenge for therapeutic devices is how to
evoke positive responses of the brain that will maximize
the motor relearning during training [156]. Critical to this
is a systematic approach that produces stimuli to either
facilitates or impedes the movement. By carefully directing
the facilitation or impedance, it would adjust the sensory
afferents essential for motor relearning. Toward this end,
muscle synergy provides a useful principle for neuromus-
cular electrical stimulation as a human-compatible strategy.
Muscle synergies are patterns identified from electromyogram,
which are hypothesized to coordinate the spatial [157], [158],
temporal [159], [160] or spatiotemporal [30], [161] activation
patterns of multiple muscles. Despite an ongoing debate [29]
that muscle synergy may reflect biomechanical constraints
instead of originating from a neural basis [162], growing evi-
dence has demonstrated the spinal provenance [163]–[165]
and cortical relevance [166], [167] of muscle synergy.

In clinical applications, muscle synergy has been suc-
cessfully used for the evaluation of deficits for stroke
patients [168]–[170]. In the case of therapeutic devices, such
as functional electrical stimulation, muscle synergy provides
a theoretical foundation, which solves the critical issue of for-
mulating multiple channels of FES patterns to drive multiple
muscles acting at a multiple joint limb [34], [35]. In addi-
tion, muscle synergy can be helpful to drive the develop-
ment of robot-assisted therapy aiming at complex human-
machine-environment interactions (reviewed in [171], [172]).
Examples include the integration of musculoskeletal models
in EMG-force mapping [173], and selection of muscles in
multi-channel myoelectric controls [171].

Fig. 4 below illustrates an intelligent paradigm using
synergy-based FES for upper-limb training post-stroke. As can
be seen, muscle synergies were first extracted when a healthy
subject performed the training task, and the synergies were
subsequently included in the calculation of FES envelope and
timing for intervention. During each trial, FES-elicited mus-
cle activation was superimposed to the residual movement
of the patient, which produced a combined movement to be
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Fig. 4. Paradigm of synergy-based therapeutic FES for post-stroke upper extremity training and assessment. Muscle synergies are extracted from normal
movements as the baseline for FES pattern and assessing motor abilities in patients. The FES-elicited movement assists the residual movement from the
patient post stroke, resulting in a combined movement with kinematics closer to normal movements. In the intelligent synergy-based FES system, the
combined movement can be immediately compared to its normal counterpart with kinematic. The comparison can guide parameter adjustment in the next trial
of movement. This figure is modified from Niu et al. 2019 [34] with permission.

compared with assessments. With this paradigm, a pilot study
showed increased movement velocity and Fugl-Myer scores
with a short intervention of 5 days [34]. One explanation is
that FES-elicited activation of muscle is similar to that of nor-
mal muscle activation, thus resulting in a sensory feedback
that is compatible in context with the normal motor program.

In order to maximize the neural compatibility with human
sensorimotor control in therapeutic devices, the stimulation
should be delivered to match the residual voluntary movements
in proper timing as well. Given the fact that the intention
of movement should always precedes the movement per se,
the therapeutic stimuli should be well controlled to follow
the movement initiation. The solution to this may be to
trigger the stimulation once the intention of execution has
been detected—either via a brain-computer interface (BCI),
or EMG, or kinematics, or kinetics. At least two principles
of motor learning were reflected in EMG-triggered FES: rep-
etition and sensorimotor integration [174]. The efficacy of
EMG-triggered FES in stroke [175], [176] largely echoes the
consensus that motor learning provides a basis for stroke
rehabilitation [177], [178]. One explanation is that when syn-
chronizing the stimuli with residual movement, the processing
algorithm bears higher burden with peripheral neural sig-
nals, such as EMG, than using cortical signals such as
EEG. Without sacrificing the ease-of-use, a therapeutic device
should welcome all sources of information for maximizing
its ability to stay compatible with the timing of residual
movement.

The second challenge lies in parameter adjustment.
Parameters are to a training protocol what ingredients are
to a prescription of medication. Equally challenging is the
rate at which the parameter should be adjusted. It has been
proven that adjusting the amount of training along with the
progress is the critical factor to delay or revert degenerative

motor disorders [179]. Besides finding the optimal rate empir-
ically through experimentation, another promising approach is
to predict the rate of learning or plastic change using com-
putational models [71], [90], and match the rate of parameter
adjustment according to progress in training.

To confront the third challenge in therapeutic technol-
ogy, considerable efforts are required to optimize the hard-
ware/software in order to maximize patient engagement.
Gamification and immersive virtual reality have been intro-
duced into rehabilitation training [180]. Although the clinical
advantage has yet to be demonstrated, these technologies
may increase the attention level of patients. In addition,
new technologies have been developed to better assist ther-
apists to increase their productivity, for instance, the motion
tracking [181], and the Internet [182], and the robotics [183].

VII. SUMMARY

This paper presents several ways for prosthetic or thera-
peutic devices to sub-serve the human sensorimotor system
to accomplish or to re-acquire motor functions. We explain
that the external devices interfacing with human subjects must
be compatible with their sensorimotor system not only in
functional structures, but also in neural information content
understandable by each other. Emerging neurotechnologies
supply ways to communicate between the human and machine.
However, the information communicated between the human
sensorimotor system and the device must be compatible to
match the roles in motor tasks. Neural compatibility is referred
to as the notion that the efferent motor and afferent sensory
information of the sensorimotor system must be interpretable
in a way as in normal motor control. There are two aspects in
achieving neural compatibility: 1) the external devices should
execute the motor intention of the sensorimotor system as
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faithfully as possible, including extracting motor intentions as
accurately as possible from the efferent signals and producing
normal-like motor behaviors; 2) the external device should
also return sensory consequence of motor actions through
proprio-sensors or proprioceptors to the sensorimotor system
as consistent as possible to that perceived in normal motor
actions. By so doing, neutral compatible information may
facilitate the sensorimotor system for motor learning or re-
learning with the devices in repeated training. In such a way,
the external device may be re-embodied or adapted more read-
ily by the sensorimotor system as if it is the original part of
the body. Recent evidence in sensory feedback for prosthetic
hands and synergy-based FES training suggests that the more
enriched in neural informational compatibility, the better the
performance by the external device. Based on a large body of
evidence in literature and in our research, we propose here that
a general principle for the design of prosthetic or therapeutic
devices (mechanical or electronic) is to achieve neural compat-
ibility in the efferent and afferent communication interacting
with the human sensorimotor system.

A general guide to achieve neural compatibility is to mimic
the functions of sensorimotor system. The ways to enrich neu-
ral compatibility may be different in prosthetic and therapeutic
devices. For prosthetic devices, replacing lost functions may
require re-establishing interrupted efferent and afferent neural
pathways through novel neural interface technologies, such as
brain-computer interface (BCI), or non-invasive evoked tac-
tile sensation, or high-density EMG. For therapeutic devices,
existing neural pathways may be utilized to provide more
compatible afferent neural information by driving the devices
with novel strategies. In either case, compatibility in neural
information promotes greater motor learning or re-learning,
so that the human sensorimotor system may accept the exter-
nal devices for permanent use (prosthetics) or as an aid for
functional recovery (therapeutics).
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