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Activation of Superficial and Deep Finger Flexors
through Transcutaneous Nerve Stimulation

Henry Shin, Marwan A. Hawari, Xiaogang Hu

Abstract— Objective: Functional electrical stimulation (FES) is
a common technique to elicit muscle contraction and help
improve muscle strength. Traditional FES over the muscle belly
typically only activates superficial muscle regions. In the case of
hand FES, this prevents the activation of the deeper flexor
muscles which control the distal finger joints. Here, we evaluated
whether an alternative transcutaneous nerve-bundle stimulation
approach can activate both superficial and deep extrinsic finger
flexors wusing a high-density stimulation grid. Methods:
Transverse ultrasound of the forearm muscles was used to obtain
cross-sectional images of the underlying finger flexors during
stimulated finger flexions and kinematically-matched voluntary
motions. Finger kinematics were recorded, and an image
registration method was used to capture the large deformation of
the muscle regions during each flexion. This deformation was
used as a surrogate measure of the contraction of muscle tissue,
and the regions of expanding tissue can identify activated
muscles. Results: The nerve-bundle stimulation elicited
contractions in the superficial and deep finger flexors. Both
separate and concurrent activation of these two muscles were
observed. Joint kinematics of the fingers also matched the
expected regions of muscle contractions. Conclusions: Our results
showed that the nerve-bundle stimulation technique can activate
the deep extrinsic finger flexors, which are typically not
accessible via traditional surface FES. Significance: Our nerve-
bundle stimulation method enables us to produce the full range
of motion of different joints necessary for various functional
grasps, which could benefit future neuroprosthetic applications.

Index Terms— Functional Electrical Stimulation. Nerve
Stimulation, Muscle Activation, Ultrasound Image Deformation

I. INTRODUCTION

HE restoration of hand function and the ability to perform

activities of daily living are often ranked as the highest
priorities for individuals following a neurological injury such
as stroke [1] or spinal cord injury [2]. Functional Electrical
Stimulation (FES) is widely used for the restoration of hand
muscle strength and object manipulation in these clinical
populations [3]-[6]. FES typically involves electrodes placed
on the skin directly over the muscle belly that produces the
desired movements. For conventional surface stimulation
methods, the muscles that are closer to the skin surface are
preferentially activated over other deeper muscles [7]-[9].
Therefore, it is difficult to activate important hand muscles
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such as the flexor digitorum profundus (FDP) which lies
deeper beneath the surface. For example, FES can activate the
flexor digitorum superficialis (FDS) muscle, which mainly
leads to the flexion of the proximal interphalangeal (PIP)
joints [10]. Stimulation of the intrinsic palmar lumbricals and
interossei using additional electrodes can enable greater
metacarpophalangeal (MCP) joint flexion [11], but activation
of the FDP for distal interphalangeal (DIP) joint flexion is
typically not achievable [12]. Without the activation of all
joints, conventional hand FES may result in incomplete grasp
patterns and finger prehension, which may lead to inadequate
functional restoration.

As an alternative approach to activate the muscles at the
motor points, invasive implantable electrodes with a direct
interface to the peripheral nerve bundles have also been used
for FES [13], [14]. For example, cuff electrodes or penetrating
electrode arrays are implanted to the peripheral nerve bundles
innervating the targeted muscles. Stimuli delivered to nerve
fibers can activate specific muscles to elicit precise finger
movements. Besides clinical applications, nerve bundle
stimulation is commonly used in research settings to evaluate
muscle activation through direct motor nerve activation or
through reflex activation [3]. Without the invasive
implantation procedure, electrical stimulation can also be
delivered to a proximal location where the corresponding
nerves of the desired muscles are locations more superficially
[15], [16], which can preferentially recruit the reflex
pathways. In the case of the finger flexors, the median and
ulnar nerve bundles can be targeted for stimulation from the
medial side of the upper arm. These two nerves innervate both
the intrinsic and extrinsic flexor muscles of different fingers.
The median nerve innervates flexor muscles of the index and
middle fingers and partly the ring finger, and the ulnar nerve
innervates flexor muscles of the little finger and partly the ring
finger. Several studies have shown that stimulation of the
peripheral nerve bundles can be used to generate a variety of
single and multi-finger grasp patterns [17]-[20], which span
all the joints of the hand. In particular, the kinematic results of
this stimulation method demonstrated the feasibility of flexing
the DIP joints [17]. Although DIP flexion is mainly controlled
by the FDP muscle, it is not well understood from the
kinematics alone whether the DIP joint was actively flexed by
the activation of the FDP, or moved indirectly by the
contraction of other muscles. The validation of the active
contraction of the FDP muscles due to proximal nerve
stimulation is an important exploration of the method, which
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supports its utility as a FES approach.

The detection of muscle activation is most commonly
investigated using electromyography (EMQ) at the surface of
the skin to record the changes of electrical potential caused by
the excitation-contraction coupling of underlying skeletal
muscles [21]. However, non-invasive EMG approaches are
also typically limited to the superficial muscles and cannot
discriminate between signals from superficial or deep sources.
Alternatively, intramuscular EMG has high spatial specificity,
but can be difficult for routine practice to target the desired
muscles without prerequisite expertise [22]. Rather than
measuring electrical signals, another option for detecting
muscle contraction is to use imaging techniques to capture the
changes of muscle morphology [23], [24]. Ultrasound is a
commonly used imaging modality due to its low-cost, fast, and
convenient ability to obtain images of muscle tissues during
contraction [25]. Ultrasound images of muscles are recorded
either longitudinally along the length of a single targeted
muscle or transversely to the limb so that a cross-section of
multiple muscles can be imaged. Transverse ultrasound of the
forearm has been commonly used for finger motion
recognition and classification due to its ability to capture the
contractions of a number of muscles or muscle compartments
simultaneously [25]-[27].

Accordingly, the objective of the current study was to use
transverse ultrasound imaging to investigate whether the
nerve-bundle stimulation induced activation of FDS and FDP
muscles. To capture the specific muscle contraction, we used
muscle deformation to identify activation of the forearm
muscles during finger flexion. Prior to this study, we also
performed intramuscular recordings as a preliminary
validation of the ultrasound muscle deformation as a surrogate
measure of muscle activation [28]. The transverse forearm
ultrasound was recorded during stimulated flexions and
kinematically-matched voluntary flexions. Our results
revealed a significant correlation in the muscle deformation
locations between the stimulated and voluntary motions. We
were able to show the activation of muscles at two
distinguishable depths associated with the FDS and FDP
muscles, which corresponded to the finger joint kinematics.
This selective or concurrent activation of the extrinsic flexor
muscles supports the utility and future development of the
proximal nerve-bundle stimulation method as an alternative to
conventional FES techniques.

II. METHODS

A. Subjects

In this study, 12 intact subjects (10 males, 2 females, 19-35
years of age) without any known neurological disorders were
recruited. Before experimentation, all subjects gave informed
consent with protocols approved by the Institutional Review
Board of the University of North Carolina at Chapel Hill.

B. Experimental Setup
1) Electrical Stimulation

After cleaning the skin with alcohol wipes, a 2x8 grid of gel
electrodes, approximately 1 cm in diameter (NeuroPlus
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Disposable Medical Electrodes, Vermed, Inc.), were placed on
the subject’s right upper arm near the short head of the biceps
brachii on the medial side. This placement (Figure 1), was
chosen for its superficial proximity to the median and ulnar
nerve bundles [29], [30]. The 16 electrodes were connected
through a switch matrix (34904A, Agilent Technologies),
which allowed any two electrodes to be connected to the
anode and cathode of a bipolar programmable stimulator
(STG4008; Multichannel Systems, Reutlingen, Germany). The
electrodes were secured in place using a custom vice that
applied pressure over the electrode array into the subject’s
upper arm. Stimulation was controlled using a custom
MATLAB (version 2016b, MathWorks Inc) user-interface. All
stimulation trains were designed using charge-balanced
biphasic pulses of 500 ps pulse width at 30 Hz. Current
amplitude was modulated in the experiment to induce muscle
contraction at different pairs of electrodes
2) Finger Motion Tracking

Subject’s finger kinematics were recorded using an 8-
camera motion tracking system (Optitrack; Natural Point, Inc).
Five 6 mm IR-reflective markers were placed on each of the
fingers of the subject’s right hand. Markers were adhered to
the skin immediately proximal to each of the 3 joints of each
finger with 2 additional references placed on the fingernail and
over the metacarpal bone. A 4-marker rigid body was placed
at the wrist to orient the rotation of the forearm. The 3D
positions of all the markers were recorded in 120 Hz using
motion capture software (Motive; Natural Point, Inc).
3) Ultrasound Recordings
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Figure 1: Experimental Setup. Reflective markers were placed on the hand to
track finger motions and ultrasound was recorded along the forearm to image
the changes in muscle tissue with contraction. A stimulation grid was placed
along the medial side of the upper arm. Note: the hand was rotated for the
purpose of the picture and does not represent the normal neutral position.

The transverse cross-section of muscle contraction was
recorded in all subjects using a clinical Doppler ultrasound
system (S2, SonoScape Medical Corp.) with a 5-10 MHz
linear array transducer (L741, SonoScape Medical Corp.),
which was inserted into a custom 3D printed holster. As seen
in Figure 1, the ultrasound probe and holster were then
secured on the subject’s arm at a distance 25% down the
length of the forearm from the cubital fossa to the wrist. A
concentric Velcro strap was used to hold the holster at this
location for the entire duration of the experiment. This
location was chosen because it contains the largest volume of
the extrinsic finger flexor muscles. All ultrasound images were
directly recorded at a sampling rate of 54 frame per second
(fps), and subsequently exported to MATLAB in sets of
46x46 mm image frames.
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C. Experimental Procedure

All subjects were seated comfortably in a chair with their
right arm resting in front of them on foam blocks. The
subject’s hand was oriented so that their forearm was in a
neutral position. After the experimental setup was completed,
the stimulation electrode array was used to identify unique
stimulated motions which ideally induced single finger
motions in only the PIP or DIP joints. Prior to the main
experiment, we first performed an electrode search procedure
to identify the viable electrode pairs that could elicit the
desired joint motions. During this process, the electrode pairs
that can induce skin discomfort were excluded from further
use. We also excluded electrodes that could induce pain or
uncomfortable feelings during the experiment. A custom
MATLAB GUI was used to deliver stimulation pulse trains of
1 second duration to any pair of electrodes in the stimulation
array. Typically starting at 2-3 mA pulses, random pairs of
electrodes were stimulated, and the fingers were observed for
any distinguishable movements. Subjects were then asked to
voluntarily return to the same pre-stimulation baseline position
after each stimulation. This was repeated across the entire
electrode grid until at least two distinct motions were found in
different sets of fingers. When possible, the chosen
stimulation locations elicited one proximal motion of mostly
PIP joints, and one distal motion of mostly the DIP joints. For
these selected stimulation locations, the amplitude was
increased in 0.1 mA increments until the strongest level of
activation of the specified motion was possible without
additional recruitment of adjacent fingers or joints.

A custom triggering circuit was built to allow
synchronization between the beginning of the electrical
stimulation, ultrasound recording, optical motion capture.
Separate trials of 16 seconds were recorded for each
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stimulated or voluntary-matched experimental condition. For a
single stimulated trial, the stimulation train was programmed
with 1 second of starting delay, and then 5 repetitions of 1
second of stimulation and 2 seconds of rest. During every rest
period, the subjects were asked to extend their fingers back to
the neutral baseline position and fully relax before the next
stimulation. The stimulated motion was repeated for a total of
three trials to obtain a total set of 15 stimulated flexion events.
Following the set of stimulated movements, three matched-
voluntary motion trials were also recorded for a total duration
of 16 seconds each. Before each voluntary contraction, the
subjects were first given visual displays of the stimulation
evoked joint motions, and the subjects were then asked to
replicate the displayed joint motions as a practice. During
voluntary contraction trials, visual feedback of the joint
motion was provided as a guidance for voluntary motions. In
addition, a 1 Hz metronome was used to help the subjects to
time the flexion and extension of the voluntary movement on
alternating beats. This resulted in 6~7 flexions per trial or
18~21 total flexions. This overall procedure was repeated for
each of the stimulated and corresponding matched-voluntary
motions, resulting in a minimum of 12 ultrasound and motion
capture recordings per subject with two sets of motions.

D. Data Processing

1) Joint Angle Kinematics

The location and rotation of the wrist rigid body was used
as the origin of the marker data so that all the motions were in
a similar starting orientation. The angle of each of the MCP,
PIP, and DIP joints were calculated. The angle was defined so
that a straight, neutral finger position was 0° and flexion from
this posture resulted in a negative angle. The resultant joint
kinematic data were then used to obtain the timing of the start
and end of every voluntary flexion movement. The angular
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Figure 2: Overview of Data Processing. For every stimulated or voluntary motion, the finger kinematics and the ultrasound images were obtained from a
synchronized start time. The start and end flexion times were determined for each flexion event, and the deformation of the ultrasound image between these times
was calculated. An average of the deformation fields from all the flexion events was then used to calculate the divergence. Numerically this signifies the sources
and sinks from the previous vector field and is an indication of the regions of concentric expansion of tissue.
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displacement (8(t)) of all the joints were averaged for a

single trial, and the derivative of this average (f;'{t}]) was
calculated to find the time at which the overall joint motion
began flexion (§(t) = —0.1° /5) and subsequently stopped
before returning to neutral position. The start and end times of
the stimulated flexion movements were taken directly from the
known times of each 1s stimulation train. These flexion times
were then used to extract the ultrasound image frames which
matched the movement times.
2) Ultrasound Deformation and Divergence Calculation

For every movement, the ultrasound image deformation
between the start and end of the flexion was used as a
surrogate measurement of muscle contraction. A demons
image registration algorithm [31] was used to quantify the
pixel-wise deformation between pairs of ultrasound images.
Specifically, the diffeomorphic demons algorithm [32]
implemented in MATLAB (imregdemons()) was utilized to
obtain a differentiable and invertible displacement vector field
which prevents physically impossible transformations from
occurring, such as a folding of the image. These 2D vector
fields represent the estimated “diffusion” or movement of
individual pixels from one image to another, and has been
previously applied during finger movements to detect regions
of muscle tissue contraction [26].

Stimulated

Voluntary Match

Middle Ring - Proximal

Index - Distal

Figure 3: Sample Ultrasound Deformation and Divergence for a Single
Subject. Each image represents the total image deformation and divergence
from each stimulated location and its matched-voluntary movement. The
red triangles indicate the precise location of the maximum divergence
value. Rows represent a single stimulated motion pattern, and the columns
represent the movement condition. Of note is the bottom row which also
contains an example of divergence maps with two distinct local maxima.

The displacement field from any image registration can be
considered as a mapping function (E) of each pixel in the
moving image (Iy) to the reference or fixed image (I). If the
image registration algorithm is accurate, a mapping function
applied to the moving image is approximately equal to its
fixed image (5(Iy) 2 Ig). In previous uses of image
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registration for muscle ultrasound [26], only the image frames
from the start and end of the motion were used for the
deformation calculation. In the current study, 5 equally spaced
images between the start and end of each flexion were
extracted from each flexion motion ({4, ..., I5). These smaller
time steps were used to isolate smaller regional deformations
of ultrasound through the flexion movement. The earlier
image frame was considered the fixed image between each
subsequent image pair, and the deformation of each step was
calculated between adjacent times.
L—=l,=ly—=l,—1
5] 57 =3 54

With multiple sequential steps, each mapping function only
represents the deformation that occurs between steps relative
to the fixed image of the pair. (e.g. §4 represents the
deformation of I; onto I, with respect to I;). By applying
subsequent mapping functions recursively, it is possible to
transform a deformation step to the reference coordinates of a
previous image.

Apzg, = 54(5,)
Aggy, = 51{52{53}}

*"1'-445,1-_ =5 (52{53{54}})
A summation of these smaller deformations then represent

the total deformation (F) that occurs between the starting and
ending image frames of a single flexion motion.

'Fi—'E = .5'1 + 51(52} + 51{52(53}} + .5'1 {52(53{54}:})
For each experimental condition, a single average ultrasound

image deformation (Fg,,) was obtained from all the
individual flexion events. The divergence of the deformation
field was then calculated to reduce the dimensionality of the
deformation while also better quantifying the regions of
concentric expansion due to muscle contraction.
div F O
v avg avg a,x 6}1

The divergence of a vector field measures the flux or
change of the field, and can be related to the magnitude of a
source or sink in a fluid flow. The divergence of the
deformation in this case represents the relative expansion or
contraction of the tissue at each pixel location. Figure 2 shows
an overview of the data processing steps. Figure 3 shows a
sample set of voluntary and stimulated divergence of the
muscle deformation from a single subject. The sample starting
ultrasound image frame is overlaid with a corresponding
deformation field and its pseudo-color divergence result. The
x-y coordinate location of the maximum divergence was
obtained from all movement sets as a summary measure of the
muscle contraction center.
3) Proximal/Distal Joint Movement Categorization

To categorize and label the elicited movements (proximal
vs. distal joints), the previously obtained flexion times were
also used to isolate the average flexion angular displacement
of all the individual joints for each set of movements. These
joint angles were used to calculate the relative difference
between proximal and distal activation at each finger.

Bpp — 6
PIP: DIP Relative Dif ference = —— &
Borp + Opip
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This relative difference was then weighted by the relative
total flexion of each finger (w;,, g = %). The weighted
average across all four fingers was used to categorize
movements as either a more proximal finger joint motion
(P:D>0) vs a more distal one (P:D<0). Relative differences
close to 0 also suggest movement of both joints in a similar
range. This approach has been validated using intramuscular
recordings and voluntary activation to ensure that the
divergence of deformation represented muscle activation
rather than muscle passive movement [28].

E. Data Analysis

The Pearson’s correlation coefficient (Ty,) between the
stimulated and matched-voluntary flexion angle displacement
across all the joints (n=12) was calculated as a measure of
correctly matched finger movement. Additionally, the
similarity between the stimulated and matched-voluntary
ultrasound was compared using the 2D correlation between
the paired divergence maps.
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motions besides the single joint (proximal or distal) motions.
In one subject, three distinct motions could be induced, and an
extra set of data was obtained.

Figure 4 shows a sample of the paired joint kinematic data,
as well as a histogram of all the correlation coefficients across
different trials. Among the 12 joints, a correlation coefficient
above 0.576 is significantly different (o = 0.05) from 0. Only
three motion sets did not meet this criterion, demonstrating
that most stimulated motions (19 of 22) were successfully
matched during the subsequent voluntary motion trials.
Additionally, the distribution of the 2D correlation coefficients
between the ultrasound divergences was also calculated
(Figure 4B). Most of these correlation values were above 0.6,
indicating a strong correlation between the ultrasound
divergence of the stimulated and voluntary motions.

Visual inspection of the source ultrasound videos shows the
maximum of the divergence corresponds well to the center of
muscle contractions. However, in multiple cases the calculated
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Figure 4: Correlations between Stimulated and Voluntary Matched Motions. A) Sample Joint Motion Correlation between stimulated and Voluntary-Matched
data. The colored bars indicate the average angular displacement of each joint across all flexion events, and the error bars indicate the standard error of each set
of displacements. The shown rxy value is the sample correlation coefficient. B) Correlation Histogram of Joint Kinematic Matching and Divergence 2D Maps.
Blue bars represent the correlation coefficients from all the paired kinematic comparisons of all motion patterns and subjects. Red bars represent the 2D
correlation coefficients between the divergence heat maps of the pairs of stimulated and voluntary ultrasound.

III. RESULTS

Among the participants, one subject’s motion capture data
was irresolvable due to extensive missing marker positions
and was therefore excluded from further analysis. At least two
distinct stimulated motions were then obtained from the
remaining subjects (11 of 12). Of the subjects for whom at
least 2 stimulated motions were recorded, at least one
proximal and one distal motion was found. Only dual motions
involving both the proximal and distal joints were found in 2
subjects, and an additional 4 subjects also had dual joint

divergence resulted in two distinct local maxima, which
corresponded to cases where both the FDS and FDP were
contracting in similar amounts. For example, the second row
of Figure 3 (labeled Index — Distal) shows qualitatively similar
regions of red shaded regions of divergence but mismatched
absolute maximum locations. To better evaluate all regions of
muscle contraction present in the divergence maps, the
coordinate locations of the second largest local maxima within
50% of the first largest maximum value were extracted (n=8).
Lastly, as an overview of all the stimulated ultrasound
motions across all subjects, a histogram of the depth of all
divergence maxima was used to visualize the distribution of
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stimulated muscle contractions (Figure SA). The depth of the
tissue movement was used to differentiate between the FDS
and FDP muscles during finger flexion. As previously
described, some of the divergence maps contained two
maxima corresponding to the contraction of both the FDS and
FDP muscles, and the dual maxima are shown as dark gray
bars, and those only had a single maximum are shown in
green/yellow. In addition to the count of divergences within
each bin depth, the colors of the bars also indicate the P:D
difference of the different joint motions. Figure SA shows that
the motions with a P:D Difference > 0 (Green) was shallower
due to the greater activation of the FDS muscle for PIP
movement. Conversely, motions with a P:D Difference < 0
(yellow) had a deeper divergence maximum location due to
more FDP activation for DIP movement. For further statistical
analysis, this distribution of depths was calculated to have a
different statistic of 0.083, and a p-value of 0.091. This
suggests that the distribution of maximum divergence depths
is non-unimodal with marginal significance (0.1 > p > 0.05).
In general, this bimodal distribution of divergence depths
supports the presence of two separately stimulated muscles.
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Figure 5: Histogram of Ultrasound Divergence Depths and Relative Joint
Differences. A) The depth, or y-axis location, of the divergence maxima of all
stimulated motions were included to show the distribution of contraction
locations. Green and yellow bars indicate movement sets which had a single
divergence maximum, and the gray bars indicates counts where two maxima
were present. The y-axis direction has been reversed so that the histogram bar
locations corresponds to the depth of the ultrasound with the skin layer at the
top B) The relative difference between the displacement of the PIP and DIP of
all stimulated motions were included to show the distribution of kinematic
patterns. Green and yellow represent the same single maximum trials from (A),
and the gray bars similarly represent the same dual maxima trials.

A different analysis of the distribution of the relative PIP
and DIP angle displacement differences is shown in Figure
5B. The same data from Figure SA was re-binned based on
relative P:D difference, which represents the overall kinematic
pattern. Single divergence motions were labeled as either
superficial or deep based on the depth of the divergence
relative to the two modes. As these motions were already well
separated, all the single divergence motions with a positive
P:D difference were also superficial, and vice versa. The gray
bars again indicate the movements with dual local maxima,
and these movements notably clustered very closely to 0
(aside from two outliers), which indicated a relative similar

6

level of motion of the PIP and DIP joints. Additionally, the
distribution of the relative differences showed a much wider
positive tail, which suggested that more distal joint
movements were more likely to be coupled with DIP and PIP
motions. Overall, the two distinct muscle contraction locations
showed that the stimulation can activate both superficial and
deep flexor muscles.

We also quantified the distribution of electrodes in the
stimulation grid. The stimulation sets that induced mainly PIP
(proximal), DIP (distal), and dual-joint motions of 6 subjects
(the distribution data of the remaining 5 subjects were
missing) are illustrated in Figure 6. We did not observe
consistent electrode pairs that elicited a particular motion.
There were also no distinct distribution patterns for a given

motion type.
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Figure 6: Electrode distribution of six participants. The electrode pairs that
elicited different types of motions are identified by the subject number. Left
corresponds to the distal side and right corresponds to the proximal side of the
upper arm.
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IV. DiscussioN

In the current study, transverse ultrasound was used to
quantify the contraction of finger flexor muscles elicited by
electrical stimulation of the ulnar and median nerve bundles.
The divergence of the ultrasound image deformation was
calculated to quantify the contraction of the muscle tissue at
different depths. Our results demonstrated that across a variety
of stimulated finger flexion motions, elicited muscle
contraction in the ultrasound images coincided with two
distinct tissue depths. This corresponds to the expected
activation of the FDS and FDP muscles which control the PIP
and DIP joints, respectively. Evidence of the activation of both
superficial and deep finger flexor muscles confirms the
increased functional utility of the nerve-bundle stimulation
method. The activation of both muscles, concurrently or
separately, can help improve joint coordination during
electrical stimulation and can also elucidates possible
mechanisms of observed delays in muscle fatigue when
utilizing nerve stimulation.

2168-2194 (c) 2020 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.

Authorized licensed use limited to: University of North Carolina at Chapel Hill. Downloaded on April 02,2021 at 02:47:02 UTC from IEEE Xplore. Restrictions apply.



This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI 10.1109/JBHI.2020.3041669, IEEE Journal of

Biomedical and Health Informatics

A. Ultrasound Imaging for Muscle Activation Detection

Transverse ultrasound was chosen for its ability to
distinguish between different regions of tissue movement
which was necessary to identify the locations of muscle
contraction during finger flexion. Preliminary testing with
intramuscular EMG recordings showed that muscle activation
does correspond to the contraction of the transverse muscle
ultrasound [28]. Various other studies have also utilized
ultrasound to classify finger motions. For example, Akhlaghi
et al. correlated the pixel-wise differences in the changing
ultrasound images during movement to classify finger motions
[33]. Huang et al. also utilized feature extraction techniques on
ultrasound to identify finger motions [34]. Like other methods
of finger motion detection using ultrasound, these approaches
do not explicitly identify the exact location of the muscles in
each image, as their black-box approach was to classify the
finger motion itself. However, as the main purpose of our
study was to specifically identify which muscles were
contracting due to electrical stimulation, a different approach
was used to localize the regions of muscle contraction. As the
deformation field itself represents the “flow” or movement of
individual pixels between the moving image and its fixed
reference, it follows that the divergence of the vector field
represents the sources and sinks of the most deformation. With
respect to muscles in ultrasound image, these sources
correspond to the cross-sectional regions of muscle which
show an expansion due to concentric muscle contraction.

The divergence maps of the stimulated and matched-
voluntary motions showed that the regions of tissue movement
are highly correlated between these two conditions (Figure
4B). One interpretation is that the two kinematically matched
movements originate from the same muscle contractions. The
various finger flexion patterns elicited by the electrical
stimulation activates different sets of muscles, and when
voluntarily matching the flexion movement patterns, the
subjects recruit similar sets of muscles. Although this seems
obvious from a biomechanics standpoint and function of
skeletal muscle, in the case of the electrical stimulation, it has
only so far been assumed that the same functional set of
muscles was activated for a specific movement. Additionally,
the matched divergence lends support to the use of the
deformation and divergence to quantify muscle contraction.
Voluntary motion must be functionally paired with
corresponding voluntary muscle contraction, and therefore the
changes seen in the ultrasound must also correspond to
morphological or structural changes in specific muscles and
not simply passive movement due to movement of connective
tissues. Subsequently, as these motions are kinematically
matched with each original stimulated motion (Figure 4), the
resultant similarity of the divergence also supports the
conclusion that the divergence indicated active contraction of
muscle tissue rather than just passive movement of connective
tissues or other muscles.

B. Muscle Activation via Functional Electrical Stimulation

Conventional FES for finger flexion places electrode over
the muscles in the forearm to produce desired movements.
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However, the more superficial FDS muscle, which controls
the PIP joint, is much more easily accessible from surface
stimulation than the deeper FDP muscle, which controls the
DIP joint [9], [12]. An alternative way to activate the deeper
FDP muscle involves more invasive percutaneous stimulation
methods [35]. In the current study, stimulation of the median
and ulnar nerve bundles proximal to the elbow elicits motions
which can involve either more proximal or more distal joint
flexions. The bimodal distribution of muscle activation depths
shown in Figure 5 strongly supports our hypothesis that the
stimulation can independently activate both the FDS and FDP
muscles. Compared to conventional FES methods, stimulation
of the proximal nerve bundles targets a number of nerve fibers
before they branch into separate muscles, and therefore can
activate multiple sets of muscles from a single electrode pair.

The activation of both FDS and FDP muscles through
electrical stimulation is significant for several reasons. First,
activation of both muscles enables a more coordinated
movement of the PIP and DIP joints, which allows for a more
natural flexion of the fingers when holding objects [36].
Second, the shared muscle activity also contributes to grip
force across multiple joint levels, such that the load is shared
among the muscles, including intrinsic muscles [20]. When
larger forces are required, this total activation of the hand
muscles through proximal nerve stimulation may provide a
much larger grip strength when compared to conventional FES
methods. Finally, a previous study using the proximal
stimulation method has also shown that when compared to a
conventional FES, the proximal stimulation significantly
reduced the amount of force decline over prolonged
stimulation of the muscles [20], [37], [38]. For smaller
repeated motions, the shared activation of multiple muscles
could lower the force burden on any single muscle and result
in a reduced rate of force decline due to muscle fatigue.
Overall, the ability to activate multiple muscles increases the
utility of proximal nerve stimulations.

C. Limitations

The use of only the maximum positive divergence was
chosen based on preliminary testing and visual inspection of
the ultrasound images. However, it is possible that for
different locations along the forearm or for some subjects the
negative divergence, or convergence, location could be more
accurate. Depending on the compartment anatomy of the FDS
and FDP, the cross-sectional region of skeletal muscle could
either expand concentrically or be pulled out of plane and
appear to shrink inward. Further work on the use of ultrasound
divergence to quantify cross-sectional changes in skeletal
muscle contraction is necessary to fully validate the current
methodology.

V. CONCLUSIONS

This study investigated whether non-invasive proximal nerve-
bundle stimulation can activate both the superficial and deep
extrinsic flexor muscles in the forearm. The stimulation was
able to elicit motions of the proximal and/or distal joints of
different fingers across all subjects, which demonstrated a
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distinct bimodal separation of muscle contraction depth. These
results support the diverse utility of the proximal nerve
stimulation method in eliciting more natural grasp patterns
with coordinated multi-joint movements. This may lead to
better functional outcomes when used as a rehabilitative tool
by training multiple muscles and by also decreasing the
fatiguability of the stimulation. Future FES systems utilizing
the proximal nerve stimulation method could enable prolonged
use and better finger grasp than conventional approaches.
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