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Abstract

Objective. The goal of this study was to develop control strategies to produce alternating,
weight-bearing stepping in a cat model of hemisection spinal cord injury (SCI) using
intraspinal microstimulation (ISMS). Approach. Six cats were anesthetized and the functional
consequences of a hemisection SCI were simulated by manually moving one hind-limb
through the gait cycle over a moving treadmill belt. ISMS activated the muscles in the other
leg by stimulating motor networks in the lumbosacral enlargement using low levels of current
(<110 µA). The control strategy used signals from ground reaction forces and angular
velocity from the manually-moved limb to anticipate states of the gait cycle, and controlled
ISMS to move the other hind-limb into the opposite state. Adaptive control strategies were
developed to ensure weight-bearing at different stepping speeds. The step period was predicted
using generalizations obtained through four supervised machine learning algorithms and used
to adapt the control strategy for faster steps. Main results. At a single speed, 100% of the steps
had sufficient weight-bearing; at faster speeds without adaptation, 97.6% of steps were weightbearing (significantly less than that for single speed; p  =  0.002). By adapting the control
strategy for faster steps using the predicted step period, weight-bearing was achieved in more
than 99% of the steps in three of four methods (significantly more than without adaptation
p  <  0.04). Overall, a multivariate model tree increased the number of weight-bearing steps,
restored step symmetry, and maintained alternation at faster stepping speeds. Significance.
Through the adaptive control strategies guided by supervised machine learning, we were able
to restore weight-bearing and maintain alternation and step symmetry at varying stepping
speeds.
Keywords: spinal cord injury, neural prostheses, functional electrical stimulation,
machine learning, locomotion, intelligent control
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Introduction

ISMS has also been used to produce reaching and grasping
movements by implanting electrodes in the cervical enlargement in rats with a contusion SCI (Kasten et al 2013,
Sunshine et al 2013) as well as monkeys (Moritz et al 2007,
Zimmermann et al 2011, Zimmermann and Jackson 2014).
Recently, ISMS in the cervical and high thoracic spinal cord
has been shown to activate the diaphragm and intercostal muscles in intact (Sunshine et al 2018) and hemisected (Mercier
et al 2017) rats. Taken together, studies in both the lumbar
and cervical enlargements demonstrate that ISMS can activate
muscles and muscle synergies to restore function in a fatigueresistant manner in models of complete and incomplete SCI.
A number of control strategies have been implemented for
ISMS to restore walking (Dalrymple and Mushahwar 2016).
To date, these control strategies focused on models with complete SCI. Open loop stimulation patterns were initially developed to achieve alternation of swing and stance (Mushahwar
et al 2002) but lacked the ability to adapt the stepping to
changes in terrain or fatigue. Conversely, a purely feedbackdriven approach utilizing sensor information to transition the
limbs between swing and stance phases has been tested in cats
(Guevremont et al 2007, Vogelstein et al 2008). Later studies
combined feed-forward and feedback control to produce functional walking. Specifically, feed-forward, intrinsically-timed
transitions between states of the gait cycle were implemented.
Feedback from external sensors (Guevremont et al 2007,
Mazurek et al 2012, Holinski et al 2016) or from recordings
from the dorsal root ganglia (Holinski et al 2013) interrupted
the intrinsic timing using pre-defined rules to improve overground walking and ensure safe stepping. Other studies have
explored the use of fuzzy logic or sliding mode control to produce single joint movements using ISMS (Asadi and Erfanian
2012, Roshani and Erfanian 2013a, 2013b) or to trigger the
onset of the flexion phase of the gait cycle (Saigal et al 2004).
Earlier work in the field of FES and locomotion has
explored numerous machine learning algorithms to control various aspects of the step cycle. Supervised machine
learning uses previously obtained data to train an algorithm,
which develops a generalization between inputs and outputs.
The accuracy of the generalization is then tested using new
data, where the real outputs are compared to the outputs predicted by the algorithm. Often, machine learning algorithms
were used to predict the subject’s intention to take a step and
trigger stimulation of the flexor-withdrawal reflex to initiate
the swing phase (Kirkwood et al 1989, Kostov et al 1992,
Sepulveda et al 1997, Tong and Granat 1999). These algorithms were used to produce stepping in an open-loop manner
(Graupe and Kordylewski 1995) and for triggering IF-THEN
control rules (Popović 1993). Adapting the stimulation
output to muscle fatigue has also been explored (Graupe and
Kordylewski 1995, Abbas and Triolo 1997).
In this study, we developed control strategies to produce
weight-bearing stepping using ISMS in a model of incomplete
SCI. This presents the first application of supervised machine
learning to control stimulation in the spinal cord. The control strategy used information from external sensors regarding
the movements of the ‘unaffected’ hind-limb to control the
‘affected’ hind-limb. Moreover, supervised machine learning

A spinal cord injury (SCI) results in severe motor and sensory
paralysis as well as autonomic dysfunction. Incomplete injuries account for two-thirds of all SCIs (‘Spinal Cord Injury
(SCI) 2016 Facts and Figures at a Glance’, 2016). Regaining
the ability to walk is a high priority for people with paraplegia
(Brown-Triolo et al 2002, Anderson 2004). Although tremendous advances have been made in spinal cord regeneration (Davies et al 1997, Murray and Fischer 2001, Raisman
2001, Novikova et al 2017), human trials to date have failed
to produce functional benefits (Hulsebosch et al 2000, Kim
et al 2017). If regeneration succeeds in the future, it will likely
require additional rehabilitation interventions.
To date, several interventions using functional electrical
stimulation (FES) have been developed to restore walking
after SCI (Chaplin 1996, Kobetic et al 1999, Guiraud et al
2006, Hardin et al 2007). FES of peripheral nerves and muscles produces large forces that enable multiple tasks (e.g.
standing, walking, reaching, grasping). However, this technique is limited by rapid fatigue (Peckham and Knutson
2005), thus restricting its use to short distances of walking
(<100 m (Thrasher and Popovic 2008)). An alternative
approach is to target the spinal cord to activate the muscles
of the legs. Epidural stimulation of the dorsal surface of
the spinal cord has been shown to aid in the generation of
voluntary leg movements (Barolat et al 1986, Angeli et al
2014). Alongside body-weight-supported treadmill training
(BWSTT), epidural stimulation could achieve standing with
minimal assistance in subjects with a chronic motor complete SCI (Rejc et al 2015). Epidural stimulation applied
with BWSTT in people with incomplete SCI improved overground walking capacity (Carhart et al 2004). In animal
models of SCI, epidural stimulation in combination with
intensive BWSTT and pharmacological activation has been
shown to restore locomotion (Courtine et al 2009, Musienko
et al 2012, van den Brand et al 2012, Capogrosso et al 2016).
Epidural stimulation may have assisted with endogenously
occurring spinal cord plasticity by increasing the basal
activity of neurons, as has also been demonstrated through
transcutaneous spinal cord stimulation in individuals with
SCI (Hofstoetter et al 2015, Inanici et al 2018, Minassian
et al 2016). However, it is unclear if the epidural stimulation
alone is able to produce functional, weight-bearing overground walking.
Intraspinal microstimulation (ISMS) produces large forces
in the leg muscles that are fatigue resistant (Mushahwar and
Horch 1997, Saigal et al 2004, Bamford et al 2005). By
implanting fine microwires (30–50 µm diameter) into the
ventral horn of the lumbosacral enlargement, ISMS activates
individual muscles as well as produce multi-joint synergies (Mushahwar and Horch 1998, 2000, Saigal et al 2004,
Holinski et al 2011). ISMS has been used to restore standing
(Lau et al 2007) and walking in anesthetized cats (Holinski
et al 2013, 2016), as well as cats with a complete SCI (Saigal
et al 2004). In a recent study, ISMS produced nearly 1 km
of over-ground, weight-bearing walking in anesthetized cats
(Holinski et al 2016).
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were partially suspended in a sling and remained anesthetized
for the duration of the experiment. The sling supported the
head, forelimbs, and trunk, allowing the hind-limbs to move
freely. Reflective motion-tracking markers were placed on the
iliac crest, hip, knee, ankle, and metatarsophalangeal (MTP)
joints of both hind-limbs. Bilateral kinematics were recorded
using two cameras (120 fps, JVC Americas Corp., Wayne,
NJ, USA), with the lens positioned parallel to the hind-limbs
and 1.8 m away from the center of the treadmill. Marker
positions were digitized using custom MATLAB software
(MotionTracker2D) written by Dr Douglas Weber (University
of Pittsburgh, Pittsburgh, PA, USA). Gyroscopes were placed
on the tarsals of each hind-limb to measure angular velocity.
Vertical ground reaction forces were measured for each
hind-limb by force transducers mounted underneath each of
the treadmill belts. The sensor signals were filtered using a
second-order Butterworth filter (fC  =  3 Hz) and digitized at
1 kHz using the Grapevine Neural Interface Processor (Ripple,
Salt Lake City, UT, USA) and streamed into MATLAB.

was employed to ensure weight-bearing at different stepping speeds. Specifically, multiple machine learning algorithms were trained to predict the stepping speed using data
from external sensors from previous ISMS experiments and
tested in later ISMS experiments in the study. This resulted
in a unique combination of supervised machine learning and
FES, since the learned predictions were used to select a control strategy based on stepping speed, and within that strategy,
the predicted value was used to control the stimulation output.
Methods
ISMS implant procedure and stimulation protocol

Six adult male cats (4.5–6.9 kg) were used in acute, nonrecovery experiments. All experimental procedures were
approved by the University of Alberta Animal Care and Use
Committee. The surgery and experiments were conducted
under sodium pentobarbital anesthesia. A laminectomy was
performed to remove the L4 to L6 vertebrae to expose the
lumbosacral enlargement.
A custom-made electrode array comprised of 12 microwires was implanted unilaterally throughout the lumbosacral
enlargement. The wires were 50 µm in diameter, 80/20% Pt–
Ir, and insulated with 4 µm polyimide except for the tip, which
had approximately 400 µm of exposure. The implant was
performed according to established procedures (Mushahwar
et al 2000, Saigal et al 2004, Bamford et al 2016, Holinski
et al 2016), targeting lamina IX in the ventral horn based
on maps of motoneuronal pools (Vanderhorst and Holstege
1997, Mushahwar and Horch 1998, 2000). In addition to the
motoneuronal pools, this region contains neural networks that
produce single joint and coordinated multi-joint synergistic
movements of the leg when stimulated (Kiehn 2006, Bhumbra
and Beato 2018). The stimuli comprised of asymmetric,
biphasic, charge-balanced pulses 290 µs in duration delivered
at a rate of 50 Hz. Stimulation was delivered using a currentcontrolled stimulator and was controlled through a custom
graphical user interface designed in MATLAB (MathWorks
Inc., Natick, MA, USA). Stimulation amplitudes typically
ranged from threshold (<20 µA) to levels that produced
weight-bearing movements (60–80 µA). Stimulation ampl
itudes did not exceed 110 µA through any electrode. Trains of
stimuli were delivered in a trapezoidal waveform; the ramping
occurred over three time-steps, with a time-step occurring
every 40 ms. The movements achieved by stimulation through
single electrodes were hip flexion, knee extension, ankle dorsiflexion, ankle plantarflexion, and a backward extensor synergy. These movements were combined to construct a full
stepping cycle. Of the twelve electrodes implanted, only six
to eight were needed to generate the desired stepping movements and included some redundancy in the functional targets.

Control strategy

The functional consequences of a hemisection SCI were simulated in the anesthetized cats by an experimenter manually
moving one hind-limb through the stepping cycle (figure 1(a)).
This injury model is similar to the Brown-Sequard syndrome
in humans, where one limb is paralyzed and the other remains
motor-intact (Bosch et al 1971, Hayes et al 2000, Gil-Agudo
et al 2013). Three different experimenters took turns to move
the limb through the gait cycle. Each experimenter moved the
hind-limb over a moving treadmill belt and was given a target
for downward force production. This limb represented the
limb on the intact side of the spinal cord, and the experimenter
simulated voluntary control of the limb. The other limb, ipsilateral to the ISMS implant, moved only through ISMS and
represented the limb that would be paralyzed by a hemisection
SCI. This stimulation-controlled limb (SCL) moved over a stationary treadmill belt; therefore, all movements of that limb
were entirely produced by the stimulation in the spinal cord.
The stepping cycle was divided into four states indicating
flexion and extension movements: F, E1, E2, and E3 (Engberg
and Lundberg 1969, Goslow et al 1973). These corresponded
to toe-off to early swing, late swing to paw-touch, paw-touch
to mid-stance, and mid-stance to propulsion, respectively
(figure 1(b)). The goal of the controller was for the legs to step
reciprocally; the state of the experimenter-moved limb (EML)
was used to control the stimulation to the spinal cord such that
the SCL was in the opposite state (figure 2(a)). The states of
the gait cycle were discriminated using ground reaction force
and angular velocity of the foot (figure 2(b)). Specifically, the
ground reaction force was used to detect E2 (onset of loading
to peak force production), E3 (peak force to unloading), and
F (unloading of limb). Angular velocity measured by a gyroscope at the tarsals was used to detect the onset of E1 (peak
angular velocity). By using only two sensors per limb, all
four states of the stepping cycle were detected. However, the
stimulation needed to be delivered prior to the onset of a state

Experimental setup

After implantation of the ISMS array, the cats were transferred
to a custom-built split-belt treadmill (figure 1(a)). The cats
3
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Figure 1. Experimental setup. (A) An experimenter moved one hind-limb through the gait cycle over the ipsilateral moving belt of a splitbelt treadmill. Sensor signals from force plates under the treadmill belt and a gyroscope on the tarsals were converted to digital signals and
used by a custom algorithm to control the stimulation to the spinal cord such that the other limb was in the opposite state of the gait cycle
over a stationary treadmill belt. (B) States of the gait cycle. (C) Sample data from the force plates (ground reaction force) and gyroscopes
(angular velocity) from the EML (experimenter-moved limb).

partially loaded. This was followed by an increase in loading
when the SCL transitioned into E2, but often the transition
would result in a loss of overall weight-bearing. This was
ameliorated by the swing-to-stance rule (Mazurek et al 2012):
if the SCL was in E1 and the limb achieved partial weightbearing, then transition the SCL to E2. This improved overall
weight-bearing. The pseudo-code for this rule was as follows:

to account for electromechanical delay between the stimulation delivered to the spinal cord to the time that a forceful
movement was produced, which was up to 200 ms across all
cats. It was comprised of the filter delay (~16 ms), computational delay (40 ms), and the delay from the stimulation command to the production of a movement in the limb (~120 ms).
A 200 ms neuromusculoskeletal delay to produce a movement around the ankle joint using ISMS has been previously
reported (Roshani and Erfanian 2013a). Therefore, states
were anticipated using pre-defined thresholds for the force
and angular velocity signals that were approximately 200 ms
before the onset of a given state (figure 2(c)). The thresholdbased control rules for anticipating each state of the gait cycle
are described in figure 2(d).
The previous state information was used to ensure that the
anticipated state was the current or next state in the gait cycle,
forcing a forward trajectory through the gait cycle. The direction of the slope for each signal was used in combination with
the voltage value to define threshold. The thresholds were
tuned and remained constant throughout all experiments.
An additional control rule was implemented to ensure
weight-bearing as needed. Since E3 is proportionally a longer
phase of the gait cycle compared to E1, when the EML was
in E3 and the SCL in E1 the SCL would spend a proportionally long time in E1. This caused the SCL to remain in the
final position of E1, extended towards paw touch-down and

IF force  >  threshold,
THEN transition from E1 to E2.
Speed adaptability

The speed of the treadmill belt was varied within a single stepping trial (treadmill belt speed: 0.09–0.42 m s−1). A stepping
trial consisted of 10 to 24 steps. Although these are relatively
slow speeds of stepping, they correspond to treadmill belt
speeds at which cats with a complete spinal transection were
able to step at in the early stages to full recovery (Bélanger
et al 1996). During the speed-varying stepping trials, it
was noted that at faster speeds (defined by step period of
EML  <  1.95 s), there was a loss of weight-bearing at the onset
of loading for the SCL. This was due to the states themselves
having a shorter duration than the electromechanical delay.
Therefore, further adaptations needed to be made to the stimulation output for the faster steps. A step-by-step feed-forward
4
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method was implemented to adapt the stimulation output for
faster steps based on the step period. The step period of the
EML, the measurable analogue of speed, was defined as the
onset of limb loading to the onset of limb loading of the next
step in the EML. Feed-forward refers to open-loop transitions
between states of the step cycle in the SCL. The amount of
time spent in each state was calculated from the predicted
value of the step period for the EML using a variation of an
equation derived from Kirtley et al (1985) (1). The time spent
in stance was split evenly between E2 and E3 (stance phases),
and the remaining time was split evenly between F and E1
(swing phases).
Ä
ä
60
Tstance = − 0.073 × StepPeriod
+ 67.
(1)
This allowed for a realistic adaptation of the amount of time
spent in each state according to the step period. This process
was repeated for each fast step. If the step period prediction
indicated a slower step, then the state transitions were controlled individually according to the state-anticipation method.
The feed-forward stimulation to control the SCL started
in E1. This state was chosen since it is the state just prior to
primary limb loading, E2, and the goal was to increase the
number of weight-bearing steps at faster speeds. Therefore,
the step period of the EML had to be predicted prior to the
anticipation of E3 (opposite to E1 in the SCL) in order to calculate the feed-forward times for the step.
Step period prediction

To adapt the stimulation output using the step-by-step feedforward control strategy for the faster steps only, the speed
was indirectly predicted and measured using the step period
of the EML. Supervised machine learning methods were used
to predict the step period. A total of 1721 steps from the first
two cats were used for the training data set. All training steps
were from one experimenter moving the hind-limb. The features used by the prediction algorithms were:
time spent in F; time spent in E1; time spent in E2; time
spent in F and E1; time spent in E1 and E2; time spent in F and
E2; time spent in F, E1, and E2; angular acceleration shortly
after the onset of E1; angular acceleration shortly after the
onset of E2; and the slope of force shortly after the onset of E2.
Using the data mining platform Weka 3.8.0 (Witten et al
2016), 66 combinations of these features were tested using
linear regression to narrow down the set. Many of the combinations produced identical or near identical correlation
coefficients and mean absolute errors; therefore, the param
eter combinations that were chosen for further testing were
selected based on their reliability and ease of measurement.
The final three parameter combinations were the (i) time spent
in F, time spent in E1, time spent in E2, and slope of force as
individual parameters; (ii) time spent in F, time spent in E1,
time spent in E2 as individual parameters; and (iii) time spent
in F, E1, and E2 as a single parameter. Using these combinations, various supervised machine learning algorithms were
tested using Weka to provide a numeric prediction of the step
period.

Figure 2. Control strategy. EML  =  experimenter-moved limb;
SCL  =  stimulation-controlled limb. (A) Transitions between states
of the gait cycle for the SCL, opposite to the state of the gait cycle
of the EML. Transitions between states for the SCL were done by
ramping down stimulus amplitude through the channels for the
previous state, and ramping up the amplitude for the current state,
indicated by the trapezoids. (B) Time when states of the gait cycle
occurred relative to the ground reaction force and angular velocity
of the EML. F  =  early swing, E1  =  late swing to paw touch-down,
E2  =  mid-stance, and E3  =  propulsion. (C) Anticipation of states
to account for an electromechanical delay of 200 ms. Thresholds
were used to define the voltage values to which the signals were
compared. (D) Algorithm used to anticipate states of the gait cycle
using thresholds from (C).

5

A N Dalrymple et al

J. Neural Eng. 15 (2018) 056023

Figure 3. Trained model trees for numeric prediction. (A) Univariate model tree used the time spent in F to make routing decisions leading
to one of three linear models. Linear models 1–3 used only the time spent in F as a variable. (B) Multivariate model tree used the time spent
in F to make a routing decision to one of two linear models. Each of the linear models utilized three state times (time spent in F, E1, and
E2).

Figure 4. Outcome measures. EML  =  experimenter-moved limb; SCL  =  stimulation-controlled limb. (A) Force alternation and weightbearing. The force produced by the EML was scaled down to match the SCL. Each limb exceeded the target force of 12.5% of bodyweight, indicated by the horizontal dashed line. One step cycle of the EML was converted into the degrees of a circle (0°–360°), indicated
by the black vertical lines with the degree markers. The midway point of loading is indicated by the dashed vertical lines and marked by
TE½, TS½ for the EML and SCL, respectively. These time-points were converted to degrees, and the difference between them was the phase
difference of the two hind-limbs (ideally  =  180°). (B) Limb angle alternation. The limb angle was measured as the angle between the
vertical line from the hip and the segment between the hip and the MTP (metatarsophalangeal) joint, as demonstrated by the inset of the
cat hind-limbs. Limb angle was negative when the foot was behind the hip, and positive when the foot was in front of the hip. Alternation
of limb movements was measured by taking the time difference between when the foot of the EML was at the furthest point in front of the
hip, and the foot of the SCL was furthest behind the limb (ΔT  =  TE  −  TS), normalized by the step period of the EML. (C) Step symmetry.
The time spent in stance and swing for the EML and SCL were labelled as TSt_EML, TSw_EML, TSt_SCL, TSw_SCL, respectively. The stance
symmetry was calculated by taking the ratio of the stance times, normalized by the step period of the EML; the swing symmetry used the
ratio of the normalized swing times. Dashed trace: EML; solid trace: SCL.

instances (Witten et al 2016). The resulting relationship from
training the univariate linear regression model to predict the
step period was:

The supervised machine learning algorithms tested
included simple linear regression, multivariate linear regression, least mean squares linear regression, model tree,
k-nearest neighbor, artificial neural network, and support
vector machine. In total, 397 combinations of features and
algorithm parameters were tested. Results from 10-fold crossvalidation were used to compare algorithms. Based on the
mean absolute error and ease of implementation, simple linear
regression, multivariate linear regression, and two different
model trees were employed to predict the step period during
stepping trials.
Simple (univariate) linear regression used the sum of the
times spent in F, E1, and E2 as a single parameter to predict
the step period. During training, the prediction was formed
by linearly combining the features (in this case the sum of
the state times) with weights, which were calculated from the
training data, and minimizing the sum of squares of the differences between the predicted and actual values over all training

StepPeriod = 1.642 (TF + TE1 + TE2 ) − 0.0185.
(2)

Multivariate linear regression used the times spent in F,
E1, and E2 as individual parameters. The algorithm training
procedure was identical to that described for simple linear
regression. The resulting equation from the multivariate linear
regression was:
StepPeriod = 1.314 × TF + 2.3647 × TE1 + 2.4025 × TE2 − 0.3605.

(3)
Finally, two different model trees were implemented. A
model tree is a combination of a decision tree and a linear
model, where the linear relationship is the final leaf in the
tree. The splitting criterion at each node was formed by
testing each feature and determining the one that best maximized the expected reduction in error (Witten et al 2016). The
6
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of the normalized times in stance (9) and swing (10), respectively. A ratio of 1 for both measures would indicate that the
both limbs spent the same amount of time in stance and swing.

first model tree used only the time spent in F as a predictor to
both make the routing decision (figure 3(a)) and in the linear
models 1 to 3 (4–6). The second model tree used each of the
time spent in F for the routing decision (figure 3(b)), and all
three state times (time in F, E1, and E2) as individual param
eters in linear models 4 and 5 (7–8). The linear models for
each tree were:

T

Stance Symmetry = TStStEML .
(9)
SCL
T

EML
Swing Symmetry = TSw
.
(10)
SwSCL

Linear Model 1:

To determine if the stepping was weight-bearing, the forces
produced by each hind-limb were summated and compared
to a threshold that defines body-weight support in the setup
(12.5% of body weight for each limb (Lau et al 2007)) (figure
4(a)). The force produced by the EML was scaled down by the
maximal value of force achieved in a stepping trial to avoid
possible bias from the experimenter. The force produced by
the SCL was not scaled since it demonstrates the true output
of the stimulation in the spinal cord.
The accuracy of the step period predictions by the supervised machine learning algorithms was determined by comparing the predicted step period with the actual, measured step
period for each step. From these, the mean absolute error for
each prediction method was calculated. Even though the step
period was only used to adapt to the faster steps, the prediction
accuracy was calculated for all speeds.

StepPeriod = 2.9401 × TF + 0.6944.
(4)

Linear Model 2:

StepPeriod = 3.3862 × TF + 0.5214.
(5)

Linear Model 3:

StepPeriod = 0.9397 × TF + 2.1271.
(6)

Linear Model 4:

StepPeriod = 1.9605 × TF + 2.0345 × TE1 + 1.1872 × TE2 − 0.1384.

(7)
Linear Model 5:
StepPeriod = 0.9547 × TF + 2.549 × TE1 + 2.6454 × TE2 − 0.158.

(8)
Outcome measures

Since the primary goal was to achieve alternating, weightbearing stepping in the hind-limbs, several measures were
developed to determine if the goal was met. All measures were
calculated on a step-by-step basis.
Alternation was defined using two different measures.
First, the ground reaction forces produced by each limb were
used to verify if the limbs were 180° out of phase with each
other. Specifically, the time each limb spent in loading was
measured and converted into degrees of a circle, such that the
onset of loading for the EML was equal to 0°, and the onset of
loading of the EML for the next step was equal to 360° (figure
4(a)). The half-way points of loading were calculated for each
limb (TE1/2, TS1/2), converted to degrees, and the difference
calculated. For perfect alternation, a phase difference of 180°
would be seen between the forces from the limbs.
The second measure of alternation was determined based
on limb angle obtained from motion-capture. The limb angle
was the angle between the vertical axis at the hip and the segment between the hip and the MTP joint. The limb angle was
positive when the endpoint (MTP joint) was in front of the
hip, and negative when it was behind the hip (figure 4(b)). For
each step, the point in time when the EML was at the largest
positive limb angle (TE), and the time when the SCL was at the
largest negative limb angle (TS) were determined. The time
difference (ΔT  =  TE  −  TS) was normalized by dividing by the
step period of the EML. During perfect alternation, these two
times would be equal resulting in an alternation measure of
zero.
Ideally, the time spent in swing and stance would be equal
for the two hind-limbs in a single step cycle. The time spent in
swing and stance for each limb was calculated and normalized
to the step period of the EML (figure 4(c)). The stance symmetry and swing symmetry were calculated by taking the ratio

Experimental protocol

Trials were conducted with the EML moved through the gait
cycle over a moving belt of a split-belt treadmill at a constant
speed (treadmill belt speed: 0.17 to 0.2 m s−1). The belt on
the side of the SCL remained off throughout the experimental
protocol. To test the limits of the controller, and to be more
realistic of a SCI rehabilitation scenario, trials were conducted
where the speed of the treadmill belt on the EML side was
varied within a single stepping trial (0.09 to 0.42 m s−1).
The experimenter moving the EML adjusted their cadence to
match the speed of the treadmill belt. The speed was limited
by the abilities of the experimenters moving the EML. For
the speed-varying trials, the experimenter was blinded to the
type of step period prediction method (or lack thereof) tested.
Stepping trials were between 30 and 60 s in duration.
The steps from the speed-varying trials were divided into
two groups for analysis: slower (step period  ⩾1.95 s) and faster
(step period  <  1.95 s) steps. The slower steps did not require
adaptation and were all grouped together. This allowed the
measures from the faster steps without adaptation to be compared to the faster steps that used the step period prediction
measures for the feed-forward adaptation.
Statistics

One-way analysis of variance (ANOVA) was used to test the
difference between population means for each of the trial
types for force alternation, limb angle alternation, stance and
swing symmetry ratio, and step period prediction accuracy.
Homogeneity of variance was tested using the Levene’s test,
and normality was tested using the Kolmogorov-Smirnov statistic. Tamhane T2 corrected post-hoc tests were reported if the
7
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Figure 5. Results for stepping at a single speed (n  =  852 steps). EML  =  experimenter-moved limb; SCL  =  stimulation-controlled limb.
(A) Raw ground reaction forces. The force produced by the EML was scaled down to match the SCL. Each limb exceeded the target
force of 12.5% of body-weight, indicated by the horizontal dashed line. Dashed trace: EML; solid trace: SCL. (B) Motion tracking of
hind-limbs. (i) Stick figure of EML. (ii) Stick figure of SCL. (iii) Limb angle alternation. The movements produced by the experimenter
were often larger than normal stepping and were scaled down for this figure. (C) Distribution of phase differences from force alternation.
(D) Distribution of the normalized time differences obtained for the limb angle alternation. (E) Distribution of the stance symmetry ratio
and swing symmetry ratio. (F) Phase difference of force alternation versus stance (circles) and swing (squares) symmetry. The diamonds
indicate the medians for the phase difference and symmetry measures (upper  =  swing, lower  =  stance).
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Figure 6. Outcome measures for all trial types. Steps with no feed-forward adaptations used only state-anticipation to control the SCL
(stimulation-controlled limb). (A) The phase difference from the force alternation of the two hind-limbs (left y-axis) and the number
of weight-bearing steps as a percent of the total steps in a trial (right y-axis). The horizontal dashed lines indicate the target for their
corresponding outcome measure. The bars indicated by the supervised machine learning methods represent faster steps only. *p  <  0.05,
phase difference; #p  ⩽  0.002, both measures; %p  <  0.04, weight-bearing, fast no adaptation versus others. (B) Stance and swing symmetry
ratios for all trial types. *p  <  0.04, stance symmetry; #p  <  0.001, swing symmetry; %p  <  0.005, swing symmetry, fast no adaptation
versus others.

a histogram of the alternating phase differences is shown in
figure 5(c).
Raw data for limb angle alternation are shown in
figure 5(b). The average time difference between when the
EML was furthest in front of the hip and when the SCL was
furthest behind the hip normalized to the step period for all
steps was  −0.03  ±  0.06. The negative value indicates that
the SCL reached its furthest extension before the EML was
at its furthest point in front of the hip (SCL leads the EML).
The normalized time difference for all steps had a large variation. Even though the average normalized time difference was
negative, for 272 (33.5%) steps the difference was positive
(figure 5(d)).
The stance and swing ratios for the steps in these trials
were 0.99  ±  0.09 and 1.07  ±  0.15, respectively, indicating
that the hind-limbs spent similar amounts of time in stance,
but the EML on average spent more time in swing than the
SCL. The swing ratio had a large variability compared to the
stance ratio (figure 5(e)). Figure 5(f) demonstrates that the
steps had median values for the alternation phase difference
and symmetry ratios close to their ideal values, with the stance
ratio being closer to 1 than the swing ratio.
All 852 steps were weight-bearing. This meant that there
were no steps where the sum of the forces produced by the two
hind-limbs was below the weight-bearing threshold (12.5% of
body weight for each limb).

Levene’s test was significant. A p-value  ⩽  0.05 was used to
indicate significance. The Χ2 test was used to compare the success of weight-bearing between trial types. Cross-tabulations
were generated for all pair-wise combinations. Χ2 with continuity correction was reported for 2  ×  2 contingency tables,
and the α-level was adjusted using the modified Bonferroni
correction for multiple comparisons.
Results
A total of 6177 steps from 429 trials in six cats were recorded.
Some steps were excluded from analysis if not all outcome
measures could be calculated for a particular step, such as the
first or final step in a trial (n  =  209). Therefore, 5968 steps
were used to calculate all outcome measures.
Stepping at a constant speed with no speed adaptation

The EML was moved at a constant speed (treadmill belt speed:
0.17 to 0.2 m s−1; step period of EML: 2.03  ±  0.28 s) for 852
steps in 66 trials. The mean phase difference in forces between
the EML and SCL in these steps was 177° (±5.6°), and the
mean absolute deviation from 180° was 4.37° (±4.35°). This
deviation from 180° was small, amounting to  <20 ms of
shifting to the left or right. An example of the ground reaction
forces produced by the hind-limbs is shown in figure 5(a), and
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Figure 7. Examples of unloading. EML  =  experimenter-moved limb; SCL  =  stimulation-controlled limb. (A) Stimulation for F (early
swing) started too early, prematurely lifting the SCL into swing. This occurred if the predicted step period was less than the actual
step period of the EML, terminating E3 (propulsion) too soon in the SCL, or if during the anticipation of E2 (mid-stance), the timing
of when the angular velocity signal crossed the threshold was too early. (B) Stimulation for E2 started too late, resulting in a phase
difference  >180°. (C) Loading started but with an uneven profile, possibly due to friction over the stationary treadmill belt. (D) Slipping
during the propulsion phase of the SCL. This occurred if the movement was strong enough to propel the cat, but the body was unable to
move because it was held in the sling and the ipsilateral treadmill belt was stationary, resulting in a phase difference  <180°.
Table 1. Breakdown of occurrences of unloading by trial type and by cat. The causes of the loss of weight-bearing (WB) are listed on the

left, along with the incidence, the duration, and extent of unloading.

Loss of weight-bearing
Occurrences by trial type
S-NA
Loading of SCL
Too late
Slip, irregular
Unloading of SCL
Slipping
Swing too early
Number of steps
(loss WB/total)
Number of steps
(percent)
Duration (ms):
M (±SD)
Loss of force
(%BW): M (±SD)

2
0

F-NA
28
8

LR-uni

LR-multi

1
0

0
0

By Cat
MT-uni
0
1

MT-multi
0
0

5
7
14/
1506
0.93

5
3
44/
1845
2.38

4
0
5/
618
0.81

0
2
2/
673
0.53

0
8
9/
372
2.42

0
1
1/
399
0.25

127.8
(75.1)
8.03
(4.90)

72.0
(45.3)
3.30
(2.56)

33.0
(21.4)
4.15
(5.66)

124.0
(162.6)
14.26
(8.82)

120.7
(47.8)
6.59
(3.46)

9.0

Steps:

#

%

Cat 1
Cat 2
Cat 3
Cat 4
Cat 5
Cat 6

8
27
9
12
18
1

1.31
2.91
2.15
1.01
1.30
0.07

10.29

SCL  =  stimulation-controlled limb; BW  =  body-weight; S-NA  =  slow-no adaptation; F-NA  =  fast-no adaptation; LR-Uni  =  linear regression-univariate;
LR-Multi  =  linear regression-multivariate; MT-Uni  =  model tree-univariate; MT-Multi  =  model tree-multivariate.
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Even though the faster steps had a phase difference closer
to 180°, they were more likely to lose weight-bearing than
slower steps (slower: 14/1506 steps, faster: 44/1845 steps,
p  =  0.002). The reasons for the loss of ground reaction force
produced by the SCL were investigated and summarized in
four categories (figure 7): (i) the onset of force production
was too late; (ii) the profile of the ground reaction force at
loading was uneven; (iii) slipping during propulsion; and (iv)
initiating the stimulation for swing too early. A breakdown of
how often these occurred is presented in table 1.
For the slower steps, half of the instances of loss of weightbearing were due to initiating the stimulation for F too early
(figure 7(a)). The stimulation for F occurs when E2 was anticipated in the EML, which depended largely on the angular
velocity of that limb (figure 2(c)). When the experimenter
moving the EML caused a change in the slope of the angular
velocity early in the swing phase, this caused the SCL to trans
ition into early swing, leading to double-unloading. This led
to a loss in force production (8.0  ±  4.9% BW loss) for a relatively long time (128  ±  75 ms). The faster steps were more
prone to insufficient force production at the onset of loading
(figure 7(b)), which caused a large deviation from 180° in
some instances by up to 45.9°. The insufficient force was at
times due to abnormal, uneven force production (figure 7(c)),
likely due to the paw of the SCL slipping over the stationary
surface of the treadmill belt while pushing down. However,
when the faster steps lost weight-bearing, it was often for a
short duration (72  ±  45 ms), and for a lower amplitude relative to body weight (3.3%  ±  2.6% loss) than in the slower
steps. Because in most of the faster steps with a loss of
weight-bearing the loss was due to the timing of the states and
the onset of loading, a step-by-step feed-forward method was
implemented for the faster steps.

Table 2. Training of supervised machine learning algorithms to

predict the step period. The features used to train the algorithms
were combinations of the time spent in F (TF), time spent in E1
(TE1), time spent in E2 (TE2). TF, E1, E2 is a single term comprised of
the sum of the state times.
Training of supervised machine
learning algorithms
Features

Performance measure

Linear
regression

Model
tree

TF, TE1, TE2
(Multivariate)
TF, E1, E2
(Univariate)

Correlation coefficient
Mean absolute error
Correlation coefficient
Mean absolute error

0.901
0.206
0.894
0.208

0.911
0.195
0.910
0.196

Stepping at varying speed with no speed adaptability

Stepping metrics produced by the basic control algorithm
were also obtained for varying stepping speeds of the EML.
In these trials, the speed of the treadmill belt on the EML side
was initially set between 0.09 and 0.15 m s−1 and increased
twice during the trials to values between 0.19 and 0.42 m s−1,
with the EML moved at a matching speed.
In 363 trials, 1506 steps were at a slower speed (treadmill
belt speed: approximately 0.09 to 0.25 m s−1; step period of
EML: 2.70  ±  0.44 s) and 1845 steps were at a faster speed
(treadmill belt speed: approximately 0.26 to 0.42 m s−1;
step period of EML: 1.51  ±  0.25 s). On average, the phase
for the slower steps had a significantly larger deviation from
180° than the faster steps (slower: 19.9°  ±  11.9°; faster:
5.24°  ±  5.83°; p  <  0.001). The slower steps had a phase difference of 161°  ±  12.9° which was significantly lower than
that in the trials at the single speed (177°  ±  5.6°; p  <  0.001;
figure 6(a)). This meant that the force produced by the SCL
was shifted earlier compared to the center of the forces produced by the EML. This was due to the swing-to-stance rule,
which triggered an early transition into E2 if the limb stayed
in E1 long enough to reach its endpoint, partially loaded. The
faster steps had a phase difference of 181°  ±  7.8°, which was
significantly higher and closer to 180° than in the trials at a
single speed (p  <  0.001; figure 6(a)).
The time difference of the limb angle alternation for the
slower steps was  
−0.016  ±  
0.05, which is significantly
closer to zero than steps at a single speed (p  <  0.001). The
time difference for the faster steps were also closer to zero
(−0.004  ±  0.07, p  <  0.001) than the steps at a single speed.
For both speed ranges, the SCL reached its maximal backwards extension before the EML reached its maximal forward
extension, the same as in the steps at a single speed.
Slower steps had a stance ratio of 1.02  ±  0.10, which was
significantly higher than steps at a constant speed (stance
ratio  =  0.99  ±  0.09; p  <  0.001; figure 6(b)) and steps at a
faster speed (stance ratio  =  0.99  ±  0.07), although this difference is unlikely to be meaningful. Faster steps did not have
a significantly different stance ratio than steps at a constant
speed (p  =  0.97). However, the swing ratio for both slower
steps (1.11  ±  0.20) and faster steps (1.13  ±  0.15) were both
significantly higher than that at a constant speed (1.07  ±  0.15;
p  <  0.001), indicating that at varying speeds the SCL spent
less time in swing than at a constant speed.

Stepping at varying speeds with speed adaptability

Since the faster steps had significantly more steps that were
below the weight-bearing threshold compared to steps at
single and slower speeds (p  =  0.002), the step-by-step feedforward adaptation was implemented. Table 2 denotes the correlation coefficient and mean absolute error from training the
linear regression and model tree algorithms. Using multiple
features resulted in slightly higher performance than using a
single feature for prediction during training.
A comparison of the predicted step period with the
actual step period for each of the four methods is shown in
figures 8(a)–(d). The accuracy of prediction for all methods
was higher for the smaller step periods (faster steps). The
univariate linear regression and multivariate model tree
methods had significantly lower prediction error than the multivariate linear regression and univariate model tree methods
(p  <  0.001; figure 8(e)). On average, all four methods predicted a larger step period.
Examples of the ground reaction forces for the speedvarying stepping trials with no adaptation and trials from
each of the four prediction methods are displayed in figure 9.
The relationship between the phase difference of the hindlimbs and the number of weight-bearing steps for all trials is
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Figure 8. Accuracy of step period prediction. Comparing the step period predicted by the trained machine learning algorithm to the
actual step period of the EML (experimenter-moved limb). Circles represent the data points from the stepping trials; the line indicates
prediction unity; and the diamonds indicate when unloading occurred. (A) Univariate linear regression model predicting the step period.
(B) Multivariate linear regression. (C) Univariate model tree. (D) Multivariate linear regression. (E) Comparison of the accuracy of each
prediction method. MAE: mean absolute error of the prediction accuracy for steps at all speeds. *p  ⩽  0.001.

demonstrated in figure 6(a). Of the four prediction methods,
the multivariate model tree was the only one without a significantly different phase difference (p  =  0.602) from the
faster steps without adaptation. This is good since the faster
steps without adaption had an average phase difference very
close to 180° (181°  ±  7.8°). The justification for switching to
speed-adaptive control was to increase the number of weightbearing steps, as many faster steps without adaptation had
insufficient weight-bearing. However, maintaining alternation
close to 180° is also important, and the multivariate model tree
method achieved that.
The univariate linear regression had a similar limb angle
alternation time difference as the faster steps without adaptation (−0.003  ±  0.103; p  =  1.00). The other three methods
all had a significantly higher time difference than the faster
steps without adaptation (p  <  0.001), with the EML moving
forward now leading the SCL moving backward.

The stance ratio for both univariate and multivariate linear
regression, as well as the univariate model tree were all
significantly lower than the stance ratio for the faster steps
without adaptation (stance ratio, faster  =  0.99  ±  0.07; univariate and multivariate linear regression, univariate model
tree  =  0.98  ±  0.06; p  <  0.04; figure 6(b)). The stance ratio
for the multivariate model tree (0.99  ±  0.06) was not significantly different from the stance ratio of the faster steps
without adaptation (p  =  1.00), which is a positive outcome
because both values were very close to the ideal value of 1.
However, the swing ratio for all methods except the univariate
model tree (univariate linear regression  =  1.10  ±  0.14; multivariate linear regression  =  1.07  ±  0.15; univariate model
tree  =  1.13  ±  0.18; multivariate model tree  =  1.08  ±  0.13)
was significantly lower than that for faster steps without
adaptation (1.13  ±  0.15; p  <  0.005), bringing the swing ratio
closer to 1. This improvement in the swing ratio means that
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three of the four adaptation methods elongated the swing
phase of the SCL to be proportionally closer to the duration
of the swing phase of the EML. The multivariate model tree
method was the best method to both maintain the stance ratio
very close to 1 and bring the swing ratio closer to 1, followed
by the multivariate linear regression.
The univariate model tree was the only prediction method that
was unable to achieve a significantly higher number of weightbearing steps relative to no adaptation (p  =  1.00). In fact, it had
the same percentage of steps that did not achieve weight-bearing
as the no adaptation method (97.6%). Using feed-forward control for faster steps resulted in a total of 17/1765 steps with a
loss of weight-bearing, with the majority (9/17) occurring when
using the univariate model tree prediction method.
Incorrect step period prediction was the cause for loss in
weight-bearing in nine of the 17 fast feed-forward steps, and
was seen to some extent in all methods. In one of those instances,
the predicted step period was much larger than the actual step
period (error  =  26.6%, univariate linear regression), resulting
in the stimulation for E1 lasting too long, and a delayed start
to the stimulation for E2 (figure 7(b)). This resulted in a phase
difference of 224°. When the predicted step period was lower
than the actual step period, the E3 phase terminated too early,
triggering an earlier transition into F, which caused unloading
(figure 7(a)). This often resulted in a phase difference as low
as 143° and was prevalent in steps using both model trees and
the multivariate linear regression method. In seven of the 17
instances of decreased weight-bearing the cause was slipping
of the SCL at the end of the step (figure 7(d), univariate linear
regression and model tree). This occurred because the setup
with the cat suspended in a sling over a treadmill allowed only
in-place stepping on the stationary belt for the SCL. These
instances saw a reduction in the phase difference by up to
137°. One of the 17 instances was due to an abnormal, uneven
loading profile (figure 7(c), univariate model tree) and may be
due to slipping during loading. The faster steps with insufficient weight-bearing caused by erroneous step period predictions had error values from 11.0% to 26.6%. These were large
prediction errors relative to the small step periods of the faster
steps. If the predicted value of the step period for the faster
steps was more than 200 ms from the actual step period, the
result was incorrectly timed state transitions and unloading
during feed-forward control. Table 1 also lists the instances of
insufficient weight-bearing by individual cats. Cat 2 had the
most instances, whereas cat 6 only had one instance. Twothirds of the instances from cat 2 were from faster steps with
no adaptation, caused by a late transition into E2.
In summary, the multivariate model tree method outperformed the other three prediction methods tested. It resulted
in significantly less loss of weight-bearing, a stance symmetry
remaining close to the ideal value of 1, a swing symmetry
closer to 1, and maintained alternation near 180°.

in a model of incomplete SCI using ISMS. We developed
control strategies to take advantage of residual function in
a model of hemisection SCI to restore weight-bearing stepping in anesthetized cats over a split-belt treadmill. We also
employed adaptive control strategies to ensure weight-bearing
at different speeds of stepping. The speed of stepping was predicted based on generalizations obtained through supervised
machine learning relating external sensor information to the
step period. The predicted step period was then used to adapt
the control strategy to step-by-step feed-forward control for
fast steps. Through the adaptive control strategies, we were
able to restore weight-bearing and maintain alternation and
step symmetry in three of the four supervised machine learning
numeric prediction methods. The best method according to
alternation, weight-bearing, and step symmetry was a multivariate model tree algorithm.
Comparison to natural walking

During normal walking, the movements of the legs are controlled by integrating input from various sources. The brain
contributes initiation commands and coordinates complex
walking tasks, such as avoiding expected obstacles and
walking on difficult terrain (Marigold and Patla 2005, Cinelli
and Patla 2008, Takakusaki et al 2008). Brainstem regions,
such as the mesencephalic locomotor region (MLR), generate
excitatory drive to the spinal cord and affect the rate and pattern of hind-limb movements (Orlovskiĭ et al 1966, Shik et al
1966, Grillner and Shik 1973, Mori et al 1992, Ryczko and
Dubuc 2013). The cerebellum makes anticipatory corrections to the gait pattern if the limb movements differ from
the intended movements (Morton and Bastian 2006). In the
lumbar spinal cord, the central pattern generator (CPG) is a
neural network that can produce alternating movements of
the hind-limbs in the absence of phasic sensory afferent information (Grillner and Wallen 1985, Guertin 2009). However,
afferent feedback does play a critical role in controlling the
transition from stance to swing (Grillner and Rossignol 1978,
Duysens and Pearson 1980, Ekeberg and Pearson 2005) and
reacting to perturbations (Forssberg 1979, Hiebert et al 1995).
The CPG has been shown to exist in invertebrates such as
crayfish (Stein 1971) and leeches (Kristan and Weeks 1983)
and vertebrates including lamprey (Wallén and Williams
1984, Messina et al 2017) and cats (Brown 1911, Jankowska
et al 1967, Pearson and Rossignol 1991). There is evidence
that the CPG may also exist in humans (Calancie et al 1994,
Bussel et al 1996, Dimitrijevic et al 1998, Minassian et al
2007). A prominent model of the CPG proposes that movements are generated by a two-layer network for rhythm generation and pattern formation (McCrea and Rybak 2008);
each limb has its own CPG that mutually inhibits the other.
The rhythm generating network is responsible for alternation
of flexion and extension; the pattern formation network is
responsible for coordinating limb movements. Sensory afferents from the limbs can modulate both the timing and pattern
of the CPG to adjust walking. The CPG receives inputs from
the brain, brainstem, and sensory afferents. Together, these

Discussion
The goal of this study was to produce, for the first time, bilateral alternating, weight-bearing stepping of the hind-limbs
13

A N Dalrymple et al

J. Neural Eng. 15 (2018) 056023

Figure 9. Ground reaction forces at varying speeds. EML  =  experimenter-moved limb; SCL  =  stimulation-controlled limb. Raw ground
reaction forces for the EML (dashed) and SCL (solid) for an entire trial transitioning from very slow to faster speeds. The faster steps
(step period  <  1.95) are highlighted at the end of each trace. (A) No adaptation. (B) Adaptation with univariate linear regression numeric
prediction of the step period for step-by-step feed-forward control strategy for faster steps. (C) Adaptation with multivariate linear
regression. (D) Adaptation with univariate model tree. (E) Adaptation with multivariate model tree.

transition utilized limb loading information. Limb loading
information provided by Golgi tendon organs is critical for
biological walking as well, particularly for the transition from
stance to swing. To initiate the swing phase, unloading of
ankle extensor muscles must occur along with hip extension
(Duysens and Pearson 1980, Ekeberg and Pearson 2005). A
gyroscope, which provided angular velocity, and its slope (i.e.
angular acceleration), does not have a direct biological equivalent. However, similar information such as muscle length and
velocity are measured by Ia and II muscle spindle afferents
(Boyd 1980) and indicate hip extension through stretching of
the hip muscles, assisting the aforementioned transition from
stance to swing (Duysens and Pearson 1980, Ekeberg and
Pearson 2005).
The change in control strategy from reactive to predictive
feed-forward control is comparable to the role of the cerebellum in walking. Sensor information was used to predict the
speed of walking as well as adjust the time spent in each state
during feed-forward control. The cerebellum contributes to
walking by recalibrating the gait pattern using predictions of
the motor outcomes. It makes corrections to the output if there
are discrepancies between the efferent copy from the motor

afferents, efferents, and intraspinal networks interact to produce walking (Guertin 2013).
After a spinal cord injury, the spinal cord no longer receives
descending drive from the brain and brainstem. In chronically injured cats locomotor stepping on the moving belt of
a treadmill can be restored by activation of the CPG through
sensory afferents (Pearson and Rossignol 1991). Tonic excitation of the lumbar spinal cord, such as with epidural stimulation or transcutaneous spinal cord stimulation, can produce
flexion-extension alternation of the legs in the supine position
(Calancie et al 1994, Dimitrijevic et al 1998) or in combination with BWSTT (Dietz et al 1994, Carhart et al 2004,
Harkema et al 2011, Angeli et al 2014, Hofstoetter et al 2015).
Additionally, epidural stimulation in supine humans with
complete SCI has produced other rhythmic motor patterns
including synchronized and reciprocal activation of muscles
(Danner et al 2015), suggesting a flexible organization of the
pattern formation network.
The current control strategy anticipated the state of
the EML and activated the SCL to be in an opposite state,
resulting in a feedback-driven mutual inhibition of flexion and
extension between the two limbs. All anticipations of state
14
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be used as feedback signals for control. Extracellular recordings from the dorsal root ganglia have been used as a feedback
signal to control ISMS in a model of complete SCI (Holinski
et al 2013); however, the reliability of the recordings degrade
over times as the implants are encapsulated by glial tissue
(Weber et al 2007).
Neural recordings could also be obtained from the premotor or motor cortex and used as an input to ISMS. Using
cortical recordings from the cortex to control ISMS enables
communication between the brain and spinal cord, restoring
voluntary control of paralyzed muscles (Mushahwar et al
2006, Shahdoost et al 2014). Cortical recordings have been
used to control cervical ISMS in monkeys to control grasping
(Zimmermann and Jackson 2014). They have also been used
to control flexor and extensor activations in the hind-limb
during treadmill stepping with epidural stimulation in monkeys (Capogrosso et al 2016), and control prosthetic arms in
humans (Fetz 1999, Collinger et al 2013, Wang et al 2013,
Hotson et al 2016). EEG (electroencephalography) signals
have been used to control movements of an upper-limb prosthesis (Müller-Putz et al 2010, Bright et al 2016) and an
upper-limb exoskeleton (Sullivan et al 2017).
For restoring walking after an incomplete SCI electromyography (EMG) activity may be a useful control signal as it can
be used to detect the intentions of the user to step, and also
informs the controller about residual muscle activity. EMG
has been used to control implanted intramuscular stimulation
systems for walking (Dutta et al 2008) as well as to control
the rate of stimulation in the spinal cord during cervical ISMS
to control grasp (Zimmermann and Jackson 2014). Adaptive
control of walking would likely require a variety of sensor
signals to indicate intention, limb position, force production,
muscle activity, and the presence of obstacles, just as the brain
and spinal cord receive input and feedback from a variety of
sensory streams.

cortex and the afferent input from the spinocerebellar tract
(Shadmehr et al 2010, Takakusaki 2013, Pisotta and Molinari
2014).
Comparison to other control strategies

Control strategies developed for ISMS to restore walking in
a complete SCI model were CPG-inspired (Saigal et al 2004,
Guevremont et al 2007, Vogelstein et al 2008, Mazurek et al
2012, Holinski et al 2013, 2016). More traditional control
approaches have also been used to control ISMS. Fuzzy logic
control to generate ankle movements aimed to track a desired
trajectory (Roshani and Erfanian 2013a, 2013b). Trajectory
tracking of knee and ankle movements was also performed
using sliding mode control of ISMS (Asadi and Erfanian
2012). However, trajectory tracking may prove difficult as
each individual has different joint targets to match, along with
numerous body-worn sensors for a feedback system to ensure
accurate tracking.
Control strategies for peripheral FES often include the
detection of the user’s intention to step, initiating an openloop control strategy. Walking can be produced by stimulating
the peroneal nerve to trigger the flexor-withdrawal reflex
(Kirkwood and Andrews 1989, Kostov et al 1992, Tong and
Granat 1999) and the quadriceps muscles for knee extension
(Bajd et al 1985, Andrews et al 1988, Chaplin 1996) through
surface electrodes. It can also be produced by stimulating
flexor and extensor muscles through implanted epimysial or
intramuscular electrodes (Popović 1993, Kobetic et al 1999,
Guiraud et al 2006, Hardin et al 2007, Dutta et al 2008). The
initiation of movements can be triggered by a hand-switch
(Guiraud et al 2006, Hardin et al 2007, Kobetic et al 1999)
or triggered by the user’s intention to step as determined from
EMG activity (Dutta et al 2008) or ground reaction forces
(Kostov et al 1992).
Using sensory information from an intact limb to control
the movements of an affected limb was used in this study; it is
similar to control strategies developed for restoring walking in
stroke patients using an exoskeleton (Murray et al 2014). This
may also be a viable approach to lower limb prosthetic control
for people with amputations in the future.

ISMS and incomplete SCI

For restoring walking after a complete SCI, all limb movements were produced by electrical stimulation. After an
incomplete SCI, some descending voluntary control remains,
and varies depending on the severity and level of the injury.
The best approach for a neural prosthesis after an incomplete
SCI is to augment the remaining function by providing stimulation only to compensate for the deficits from the injury.
Residual voluntary activity must therefore be measured and
used as input to the controller. In the current study, residual
voluntary function was simulated by an experimenter manually moving one hind-limb. To control the affected limb, information regarding the movements of the unaffected limb were
utilized.
After an incomplete SCI, it is possible to achieve functional improvements with training and exercise (Barbeau and
Rossignol 1987, Field-Fote 2001, Thrasher et al 2006), or
through the activation of spinal networks using electrical stimulation (Barolat et al 1986, Carhart et al 2004, Angeli et al
2014, Mondello et al 2014, Capogrosso et al 2016). A recent

Signals for control strategies of ISMS

Feedback of sensory information is necessary for control
strategies to adapt to their surroundings. This study employed
external sensors as feedback signals for the controller, as they
are easy and reliable to use for proof-of-concept testing of control strategies. The gyroscopes were small devices place on the
tarsals. The force plates were mounted underneath the treadmill belts, but there are commercially available force sensitive
resistors that can be placed on the insoles of shoes and have
been used as feedback sensors in other work (Kirkwood et al
1989, Kostov et al 1992, Lovse et al 2012). Previous studies
also used accelerometers in combination with gyroscopes to
represent limb angle (Lovse et al 2012, Mazurek et al 2012,
Holinski et al 2016). Conversely, neural recordings could also
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study in non-human primates with a unilateral corticospinal
tract lesion, similar to the hemisection model described here,
demonstrated that treadmill and over-ground walking could
be restored in as early as 6 d post-injury using epidural stimulation (Capogrosso et al 2016). More longitudinal stimulation
with rehabilitation in a staggered hemisection model showed
extensive intraspinal remodeling and restoration of overground walking in the presence of the stimulation (van den
Brand et al 2012).
Chronic ISMS may amplify spinal cord plasticity through
at least three mechanisms: (1) stimulation in the ventral horn
could strengthen nearby locomotor networks, specifically,
interneurons that synapse on motoneuronal pools, (2) limb
movements could strengthen sensory afferents to the spinal
cord, and reinforce motor networks through natural feedback mechanisms, and (3) descending connections could be
strengthened by volitional control during walking (Mondello
et al 2014). Cervical ISMS after a contusion SCI showed
improved forelimb function that lasted beyond the stimulation trial, suggesting it may be a viable method for enhancing
spinal plasticity (Kasten et al 2013).

With the experimental setup, it was difficult to conclude
if the instances of decreased weight-bearing would be detrimental to walking since the cat’s body was supported by the
sling, especially those instances of short duration and small
amounts of decreased weight-bearing. Realistically, if a person
were to have an ISMS implant, they would require a walkingaid such as crutches or a walker to help with balance and
trunk control. Small amounts of insufficient weight-bearing
could be alleviated through partial upper-body support on the
walking-aid. However, other studies using peripheral FES
to restore walking with assistance from a walking-aid have
reported rapid fatigue of the arms and a large sense of effort
if the legs were not producing stable and sufficient forces
(Kobetic et al 1999, Triolo et al 2012). Relying on the arms
for partial weight-bearing prohibits the users from reaching
for objects while standing. Therefore, we aim for reliable
and continuous body-weight support using ISMS. ISMS is
more resistant to muscle fatigue (Bamford et al 2005, Lau
et al 2007), and weight-bearing can be achieved for very long
durations and distances compared to peripheral FES systems
(Holinski et al 2016).
The feed-forward steps that had instances of insufficient
weight-bearing were largely affected by incorrect predictions of the step period. Generally, the accuracy of the step
period prediction increased as speed increased. Most often the
unloaded steps resulted from the predicted step period being
too small, which resulted in early unloading. Although the
ability of the controller to detect the states of the gait cycle
was unaffected by which experimenter was moving the EML,
subtle timing differences of when the states were detected
occurred. State anticipation thresholds were held constant
throughout all trials; therefore, even the step-by-step feedforward control strategy was prone to errors stemming from
variation in stepping patterns, since it used the state times to
predict the step period. Adaptive thresholds for the state detections may provide further accuracy of step period predictions
and increase the number of weight-bearing steps.

Experimental limitations

A limitation of the experimental setup is that it required an
experimenter to move one hind-limb (EML) through the gait
cycle. Nonetheless, this study demonstrated a proof-of-concept testing of the controller. Furthermore, the speeds of the
treadmill used in the experiments (0.09 to 0.42 m s−1) represent relatively slow speeds and corresponded to treadmill
belt speeds at which cats with a complete SCI were able to
step at in the early to late stages of recovery on a treadmill
(Bélanger et al 1996). Interestingly, by adapting to different
walking speeds, the controller was indifferent to which experimenter moved the limb through the gait cycle, even though
the supervised machine learning algorithms used to predict
step period were trained using data from only one of the three
experimenters. This suggests that the algorithms sufficiently
generalized to the training data.
Since the cat was suspended in a sling over the split-belt
treadmill, it was unable to propel itself forward and displace its
position, resulting in in-place stepping as opposed to walking.
During the propulsive phase (E3), the cat was physically prevented from moving forward. This created a large resistance
between the stationary treadmill belt and the paw of the SCL
during E3. To avoid kicking movements as the SCL overcame
static friction, stimulation amplitudes through the channels
comprising E3 were decreased, but were still high enough to
lift the cat out of the sling. This led to a decreased range of
motion during extension of the SCL. Full weight-bearing and
range of motion of the SCL was achieved by turning the treadmill belt on. These trials were not included in the analysis
since we wanted to ensure all movements were due to ISMS
and not external forces. Future experiments will be performed
on a walkway such that the cat is able to displace its position
(Guevremont et al 2007, Mazurek et al 2012, Holinski et al
2013, 2016).

Future considerations

Expanding the application of ISMS to bilateral contusion
SCIs, which leaves varying levels of residual voluntary drive,
necessitates a control strategy that can adapt to the variability
of deficits seen from these injuries. One approach could be to
use machine learning to predict the state changes and learn
the predictions over many steps. Since the predictions would
be continuously learned and updated, the controller would
be adaptable during walking. This may perform better than
using rigid thresholds since walking patterns vary within
and between people. Pavlovian control (Joseph et al 2014,
Modayil and Sutton 2014) may be a viable option for adaptable and safe control of walking. Pavlovian control could use
reinforcement learning to learn predictions about the gait
cycle, and use those predictions to elicit a fixed stimulation
response to produce consistent walking. EMG activity may be
a useful input for Pavlovian control of ISMS as it can indicate
movement intentions and residual muscle function.
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