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Abstract
Proprioceptive afferent activities recorded by a multichannel microelectrode have been used to decode limb movements
to provide sensory feedback signals for closed-loop control in a functional electrical stimulation (FES) system. However,
analyzing the high dimensionality of neural activity is one of the major challenges in real-time applications. This paper
proposes a linear feature projection method for the real-time decoding of ankle and knee joint angles. Single-unit activity
was extracted as a feature vector from proprioceptive afferent signals that were recorded from the L7 dorsal root ganglion
during passive movements of ankle and knee joints. The dimensionality of this feature vector was then reduced using a linear
feature projection composed of projection pursuit and negentropy maximization (PP/NEM). Finally, a time-delayed Kalman
filter was used to estimate the ankle and knee joint angles. The PP/NEM approach had a better decoding performance
than did other feature projection methods, and all processes were completed within the real-time constraints. These results
suggested that the proposed method could be a useful decoding method to provide real-time feedback signals in closed-loop
FES systems.

Keywords Linear feature projection · Projection pursuit · Negentropy maximization · Proprioceptive afferent ·
Kalman filter

1 Introduction

Proprioception is the sense of position and movement of
the body, which plays an important role in the planning and
execution of motor control, in which natural motor functions
are controlled based on the sensory-to-motor transformation
(Prochazka 2015; Wolpert and Ghahramani 2000). Many
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studies have been performed to discover how to generate
a motor command based on sensory information to
achieve complex and natural control in functional electrical
stimulation (FES) systems. For example, proprioceptive
afferent activities have been recorded from dorsal root
ganglia and used to decode limb positions induced by
passive movements (Rigosa et al. 2011; Stein et al.
2004; Wagenaar et al. 2011; Weber et al. 2007) and
active movements (Rigosa et al. 2011; Weber et al. 2006;
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2007). Dorsal root ganglion recordings were also used
to provide closed-loop control limb positions in FES
systems (Bruns et al. 2013; Holinski et al. 2013). Sensory
information derived from proprioceptors can be obtained
using microelectrodes placed at the dorsal root ganglion,
in which the cell bodies of sensory neurons are located.
This approach, which can provide an abundance of sensory
information at a single location, has an advantage compared
with other central or peripheral recording locations.

Neural activities of multiple neurons in the peripheral
or central nervous systems recorded by microelectrodes
are classified into single-neuron spikes for further analysis,
in which the spikes are characterized by statistical
measures of interest, such as temporal code (i.e., the
precise timing of spikes provides the temporal structure
of a spike train) and rate code (i.e., the number of
spikes provides the spike frequency) (Cunningham et al.
2009; Pregowska et al. 2016). The recent development
of high-density microelectrodes has enabled simultaneous
extracellular recordings from up to 100 electrodes, which
could represent hundreds of active neurons. As the
number of simultaneously recorded neurons increases,
the computational complexity increases, and advanced
algorithms are required. Consequently, it is important
to produce low-dimensional representations that preserve
the feature of interest from the large scale of neural
data to reduce computational effort and processing time
(Cunningham and Byron 2014). In previous studies, feature
projection has been applied to reduce the dimensionality of
the feature vectors. For example, the response of a neural
population in the motor cortex of monkeys was projected
using a principal component analysis (PCA) to determine
the relevant dynamical structure of reaching movements,
wherein the dimensions of the neural response were reduced
to the six response patterns most strongly present in the data
(Churchland et al. 2012). PCA has been used to construct
a low-dimensional state space for visualizing a dynamic
neural trajectory from multiple single-unit activities in the
rat medial prefrontal cortex during a working memory
task (Zhang et al. 2015). Additionally, feature vectors have
been extracted from tactile and proprioceptive afferent
activities recorded from the dorsal root ganglion, and the
dimensionality of the feature vectors was reduced using
PCA (Han et al. 2016, 2017). PCA is a linear feature
projection method that projects the coordinates of the
original features onto a new small number of coordinates
by maximizing the projection variance along the original
covariance matrix. PCA can reduce the dimensionality and
redundancy of data, but this approach is not always the
best way to obtain independent neuronal activities from
mixed neural signals. The sciatic nerve innervates the
ankle dorsiflexor and plantar flexor muscles and the knee
flexor muscles, while the femoral nerve innervates the

knee extensor muscles. Various flexor and extensor muscles
are activated during ankle and knee movements, and
proprioceptors are simultaneously activated in each muscle.
The sciatic and femoral nerve neurons of the rabbit are
located in the L7 dorsal root ganglia, and afferent signals are
transmitted independently through the individual neuronal
fascicles (Palumbo et al. 2004; Puigdelliv́ol-Sánchez et al.
1998). When proprioceptive afferent signals are recorded
from the L7 dorsal root ganglion of the rabbit using
multichannel microelectrodes, each channel of the electrode
is contacted by one or more individual neurons of the
sciatic or femoral nerves (Han et al. 2017). Consequently,
the recorded neural signals can be represented as a linear
combination of independent neuronal activities according to
the stochastic contact between the channel of the electrode
and the neurons of the sciatic or femoral nerves. In these
situations, an independent component analysis (ICA) can
be useful to separate independent source signals from the
recordings of mixed neural signals.

This study presents the real-time decoding of limb state
from proprioceptive afferent signals based on a linear fea-
ture projection method composed of projection pursuit and
negentropy maximization (PP/NEM) for closed-loop con-
trol in an FES system. The PP/NEM algorithm is intended
for ICA and is suitable for decomposing independent source
signals from linearly mixed recordings (Tesfayesus and
Durand 2007). In this study, proprioceptive afferent signals
were recorded from the L7 dorsal root ganglion using a
multichannel microelectrode during passive ankle and knee
joint movements, and the dimensionality of the afferent
signals was reduced using the PP/NEM method. A time-
delayed Kalman filter, optimized with respect to the time
delay between the state and observation variables, was then
used to estimate the ankle and knee joint movements. The
decoding accuracy of the proposed method was compared
with that obtained by other dimensionality reduction meth-
ods. The experimental results showed that the PP/NEM
algorithm achieved a significantly improved decoding accu-
racy compared with the other dimensionality reduction
methods.

2Methods

2.1 Signal processing procedure

This study attempted to decode ankle and knee joint move-
ments from proprioceptive afferent activities to generate
feedback signals for closed-loop control in FES systems.
Figure 1 shows a block diagram of the proposed decod-
ing method for the ankle and knee joint angle estimations.
Proprioceptive afferent signals were recorded from the L7
dorsal root ganglion using a 16-channel microelectrode, and
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Fig. 1 Block diagram of the proposed decoding method for ankle and
knee joint angle estimations from dorsal root ganglion recordings.
Single-unit activity was extracted from proprioceptive afferent signals
as feature vectors, and the dimensionality of the feature vectors was

then reduced using PP/NEM. A time-delayed Kalman filter was con-
structed using dimensionality-reduced feature vectors in the learning
phase, and the ankle and knee joint angles were estimated using the
time-delayed Kalman filter in the test phase

ankle and knee joint angles were simultaneously measured
as kinematic data. Afferent signals were then segmented
considering the interference of stimulus artifacts. A single-
unit activity was extracted from each segmented signal as
a feature vector, and the dimension of the feature was
reduced using the PP/NEM algorithm. All the data were
divided into two phases: the learning phase and the test
phase. In the learning phase, the time-delayed Kalman fil-
ter was constructed to model the relationship between the
dimensionality-reduced feature vectors and the kinematic
data using a supervised approach and was set to the learning
parameter. In the test phase, the ankle and knee joint angles
were estimated from the test dataset.

2.2 Data acquisition

All experimental procedures involving animals were
approved by the Institutional Animal Care and Use Com-
mittee of the Korea Institute of Science and Technology
(Certificate number: AP-2013L1001). The experimental
protocol was performed in accordance with the recommen-
dations for the care and use of laboratory animals. Neural
signals were obtained from five adult male New Zealand
white rabbits (weighing 2–2.3 kg). The rabbits were anes-
thetized via the intramuscular injection of a mixture of
ketamine (50 mg/kg) and xylazine (10 mg/kg), and anes-
thesia was maintained by administering additional doses as
needed. The L7 dorsal root ganglion can provide propri-
oceptive afferent signals from neurons of both the sciatic
and femoral nerves during ankle and knee joint movements
because the sciatic and femoral nerve neurons are shared in
the L7 dorsal root ganglion (Palumbo et al. 2004). Consid-
ering the neuroanatomy of the sciatic and femoral nerves
in the rabbit, a 16-channel microelectrode (A1x16-5 mm-
50-703-CM16, NeuroNexus Technologies, Ann Arbor, MI,
USA) was inserted perpendicularly into the right L7 gan-
glion, where 16 iridium channels, 30 μm in diameter with a

50 μm interchannel distance, were arranged on a 5-mm-long
single-shank silicon substrate-based electrode. Reference
and ground wires were placed subcutaneously in the back
of the rabbit. Neural signals were digitized at 24 kHz and
bandpass filtered between 300 and 5000 Hz using a digital
data acquisition system (Neuralynx, Tucson, AZ, USA).

Figure 2 shows the experimental setup for obtaining
proprioceptive afferent signals and ankle and knee joint
angles. A rabbit was positioned on a custom-made
stereotaxic frame, and the neutral ankle and knee joint
angles were defined as 80 and 130 degrees, respectively,
based on the limb’s naturally flaccid position. The passive
ankle and knee joint movements of the right hind limb in
the sagittal plane were generated by servo motors (HS-
77BB, Hitec, Korea) and a computer-programmable servo
controller. The passive joint motions were adopted from
the sit-to-stand maneuver (Mushahwar et al. 2007) and
consisted of controlled continuous movement in a sinusoidal
pattern at 0.2 Hz. Considering the maximum range of
motion of each joint, the ankle and knee joints were
passively moved from 50 to 130 degrees and from 80 to 160
degrees, respectively.

Joint angles were measured using wireless inertial
measurement unit (IMU) sensors (EBIMU24G, E2BOX,
Seoul, Korea). Individual IMU sensors were attached on the
right side of the thigh, shank, and foot. The joint angle data
were transmitted at a 60-Hz sampling rate from the IMU
sensors to a computer. A transistor-transistor logic pulse
was used to synchronize the neural signals with the joint
angle data at the start and end of the recording sessions. The
neural signals and joint angle data were collected from five
rabbits during passive ankle and knee joint movements for
ten sessions; each session continued for 20 s and consisted
of alternating motions of ankle dorsiflexion and plantar
flexion and knee flexion and extension. The data acquisition
procedures have been described in more detail in a previous
study (Han et al. 2017).
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Fig. 2 Experimental setup for
dorsal root ganglion recordings
during passive ankle and knee
joint movements. Proprioceptive
afferent signals were recorded
using a 16-channel
microelectrode, which was
inserted perpendicularly into the
L7 dorsal root ganglion.
Concurrently, ankle and knee
joints angles were measured
using IMU sensors

2.3 Feature extraction

This study assumed that the ankle and knee joint
movements were generated by electrical stimulation at a
60-Hz stimulation repetition frequency with 200-μs charge-
balanced biphasic pulses (Han et al. 2017). Electrical
stimulation creates stimulus artifacts and contaminates
neural signals. To eliminate this interference, a blanking
process was applied in synchronization with the stimulation
repetition frequency for a duration of 1 ms (Holinski
et al. 2013). Thus, interference-free neural signals could
be obtained between the applications of two blanking
processes. The data window was defined as a period of
15.66 ms corresponding to the time between the blanking
processes, and the window increment was set to 16.66 ms
based on the stimulation repetition frequency of 60 Hz.

Feature vectors were constructed from single-unit activ-
ity, which was defined as the number of spikes from indi-
vidual neurons during each data window period. Multiple
spikes were detected based on threshold crossing events in
the data window of each channel, and the threshold was
computed as the mean of the baseline noise pulse, which
was three times the standard deviation of the mean value
for each channel. Each spike consisted of 38 sample points
with a spike duration of 1.6 ms, and the refractory period
was set to 0.5 ms to prevent double counting of the same

spike. Spike sorting was performed based on a PCA and
k-means clustering to discriminate individual spikes from
multiple spikes. A PCA can project the original spike data
onto a new small number of coordinates by a linear orthogo-
nal transformation. k-means clustering is a commonly used
data clustering technique, in which a dataset is partitioned
into k clusters by minimizing the cost function based on the
Euclidean distances between each data point and the cluster
centroid. The first three principal components were used as
inputs for the k-means clustering, and the number of clusters
was set to vary from 2 to 4.

The spiking activity of each neuron constructed from
spike sorting forms a sequence of discrete events. Addition-
ally, the same neuron may produce quite different spiking
activity from trial to trial, even if the experimental condi-
tions are closely reproduced (Cunningham et al. 2009). This
variability makes it difficult to estimate the spiking activity
accurately. To convert noisy discrete data into denoised con-
tinuous time series data, the spiking activity was smoothed
using a fourth-order Butterworth low-pass filter with a
cut-off frequency at 0.4 Hz.

2.4 Feature projection

Once feature vectors were obtained using the feature
extraction method, feature projection was then performed to
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reduce the dimensionality of the features. Feature projection
produces low-dimensional data from high-dimensional data
while retaining the information of interest. Three different
linear feature projection methods were investigated to
reduce the dimensionality of the feature vectors: PP/NEM,
PCA, and factor analysis (FA).

Projection pursuit (PP) linearly transforms the feature
vectors to search for the directions of interest in a low-
dimensional subspace. PP can be expressed as

y = WT x (1)

where x is the m-dimensional original data, y is the n-
dimensional transformed data, W is the m×n matrix. W
is found by minimizing the mutual information between
the transformed data. Negentropy was used as an objective
function to measure mutual information because entropy
is minimized when the mutual information between the
transformed data is maximal (Kim and Kim 2003).
Consequently, finding an invertible transformation W
that minimizes the mutual information is equivalent to
finding directions in which the negentropy is maximized
(Hyvarinen 1999). Negentropy, J(y), is defined as

J(y) = H(yG) − H(y) (2)

where H(y) is the entropy of a Gaussian random vector
y, and H(yG) is a Gaussian random vector with the
same covariance matrix as y. Minimizing the mutual
information of the transformed data y is the same as finding
directions for maximizing negentropy. The value of W
was founded by maximizing J(y), which was implemented
using a batch-type learning algorithm based on the PP/NEM
method (Hyvarinen 1999; Kim and Kim 2003). With this
approach, the original data x is centered and whitened for
computational simplicity, where centering is the subtraction
of the average value of x to generate the zero mean,
and whitening is a linear transformation that decorrelates
and normalizes x to set the unit variance. A new vector
x̃ is obtained by using the eigenvalue decomposition of
the covariance matrix E{xxT}=EDET , where E is the
orthogonal matrix of the eigenvectors of E{xxT}, and D is
the diagonal matrix of the eigenvalues of E{xxT}. One PP
direction, yi = wT x, can be obtained by maximizing the
function JG(w) given by

JG(w) = [E{G(wT x)} − E{G(ν)}]2 (3)

where G is a non-quadratic function, and ν is a Gaussian
variable of zero mean and unit variance. The optimum
projection direction can be calculated as

w+ = E{xg(wT x)} − E{g′(xT x)}x
wnew = w+/‖w+‖ (4)

where g is approximated given that g1(y) = tanh(a1y),
g2(y) = yexp(−a2y

2/2), or g3(y) = y3 are suitable
choices for a contrast function, and 1 ≤ a1 ≤ 2, or
a2 ≈ 1 are constrants. The equation is iterated until the
one direction of optimal projection is found. To find more
than one direction of projection, a newly found direction
of projection is estimated individually based on a Gram-
Schmidt orthogonalization, which is performed for every
iteration as follows:

w+
n+1 = wn+1 −

n∑

j=1

(wT
n+1wj )wj

wnew
n+1 = w+

n+1/‖w+
n+1‖. (5)

In this study, g(y) = yexp(−a2y
2/2) was used as

a contrast function, and an n-PP direction was extracted
as a dimensionality-reduced feature vector. Therefore, the
m-dimensional feature vector was projected onto the n-
dimensional subspace.

PCA has been widely used in multivariate data analysis
for dimensionality reduction and feature extraction, this
type of analysis converts a set of correlated observed
variables into a new set of uncorrelated variables by a linear
orthogonal transformation that maximizes the variance
along the axis of principal components. According to
the formula y = WT x, the feature vectors correspond
to the set of correlated observed variables x, and the
dimensionality-reduced feature vectors correspond to the
new set of uncorrelated variables y. First, an m × n

covariance matrix was constructed from the feature vectors,
and the eigenvalues and eigenvectors were calculated
from this covariance matrix. Then, the n eigenvectors
corresponding to the n largest eigenvalues were selected
to set the rows of the W matrix. The first n principal
components were used to reduce the dimensionality, and
thus, the m-dimensional feature vector was projected onto
the n-dimensional subspace.

FA is an exploratory data analysis method that represents
observed variables as a linear combination of the latent
variables plus Gaussian error. FA is defined by Rubin and
Thayer (1982) as

x = ZΛ + ε (6)

where x is the observed variables, Z is the factor matrix,
Λ is the factor loading matrix, and ε is the Gaussian noise.
The feature vectors correspond to the observed variables x.
The factors corresponding to the n largest factor loadings
were selected to reduce the dimensionality, and the m-
dimensional feature vector was thus projected onto the
n-dimensional subspace.
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2.5 Neural decoding

The relationship between proprioceptive afferent signals
and limb states is a nonlinear dynamic (Prochazka 2015).
It is difficult to describe a nonlinear model using a Kalman
filter, which is a linear estimator, but the Kalman filter
is commonly used as a decoding method because a linear
model has the advantages of a low computational cost
and suitability for real-time applications. In this study,
a time-delayed Kalman filter was used to improve the
decoding performance, where a time-delay term was added
for the state and observation (Han et al. 2017). Latent state
variables were predicted to be a linear dynamic system
modeled in the state at a previous time plus Gaussian noise,
and the observed variables were assumed to be a linear
dynamic system modeled in the state variables plus the
Gaussian noise. The state and observation models were
defined as

yt+1 = Ayt + w

xt = Hyt + v (7)

where yt = (yt, yt−1, · · ·, yt-p) and xt = (xt, xt−1, · ·
·, xt-p) are the state and observation variables at time t
with a p-order time delay, respectively, and w and v are
the process and measurement noises, respectively. A and
H are the coefficient matrices of the state and observation
models, respectively. The w and v values were assumed
to be zero mean and normally distributed. W and V are
the covariance matrices of the process and measurement
noises, respectively. The ankle and knee joint angles with
a p-order time delay correspond to the state variables,
whereas the three-dimensional reduced feature vector with
a p-order time delay corresponds to the observed variables.
The values of A and H were estimated from the learning
data using a least-squares estimation (Wu et al. 2004). To
estimate the ankle and knee joint angles from this decoding
model, the estimate of ŷt was obtained using the following
equation:

ŷt,t−1 = Aŷt−1

Pt,t−1 = APt−1AT + W

Kt = Pt,t−1HT (HPt,t−1HT + V)−1

ŷt = ŷt,t−1 + Kt(xt − Hx̂t,t−1)

Pt = (I − KtH)Pt,t−1 (8)

where ŷt,t−1 is the a priori estimate from the previous time,
t − 1, and Pt,t−1 is the a priori error covariance matrix. ŷ
is the posteriori estimate updated using the ŷt,t−1 and xt
values. Pt is the posteriori error covariance matrix, and Kt

is the Kalman gain matrix.

2.6 Performance evaluation

The decoding performance of the proposed method was
evaluated in estimating ankle and knee joint angles
from proprioceptive afferent activities. The proprioceptive
afferent signals during passive movements of the ankle and
knee joints were recorded from the L7 dorsal root ganglion,
and the data window was segmented to 15.66 ms based
on the artifact-blanked signals. The single-unit activity was
extracted as feature vectors, and the dimensionality of the
feature vectors was then reduced to 3 using the PP/NEM
method. Dimensionality-reduced feature vectors were then
used as inputs for the time-delayed Kalman filter, which was
optimized for the time delay of the state and observation
variables.

The total dataset was collected during ten sessions
for each of five rabbits, and the decoding accuracy was
evaluated using a 10-fold cross-validation. Among the ten
sessions for each rabbit, one session was randomly selected
as the test data, and the remaining nine sessions were used as
learning data. The decoding accuracy was calculated based
on the test dataset, and this procedure was repeated ten
times. The coefficient of determination, R2, which provides
the variation between the measured and estimated values
was used to evaluate the decoding accuracy. R2 is defined as

R2 = 1 −
∑T

t=1(yt − ŷt)2∑T
t=1(yt − ȳ)2

(9)

where yt and ŷt are the measured and estimated values
at time t, respectively, and ȳ is the mean of yt in the
time interval t=1 to T. T is the number of test datasets.
The total decoding accuracy was calculated as the mean
of the accuracy among the five rabbits. To remove the
effect of differences among the rabbits, a two-way analysis
of variance (ANOVA) was used to assess the statistical
significance, and Tukey’s multiple comparison was used
for the post hoc analysis. A confidence level of 95% (p <

0.05) was considered to indicate a significant difference. All
statistical analyzes were performed using SPSS 15.0 (SPSS
Science, Chicago, IL, USA).

2.7 Comparison of different dimensional features

The effect of different dimensional features on the decoding
accuracy was investigated. The three-dimensional feature
vectors determined by PP/NEM were compared to those
of different dimensional feature vectors: the one-, two-
, and five-dimensional feature vectors. For the Kalman
filter, the four different dimensional reduced feature vectors
with a second-order time delay were used as the state
variables, and two-dimensional ankle and knee joint angles
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with a second-order time delay were used as the observed
variables.

2.8 Comparison of different delay orders

The time-delayed Kalman filter includes a time-delay for
the state and observed variables. To determine the optimal
delay orders, the three-dimensional reduced feature vectors
determined by PP/NEM were used as inputs for the Kalman
filter, and the decoding accuracy was compared among first-
, second- and third-order time delays, where the delay order
of the state and the observation were assumed to be equal.

2.9 Comparison of different feature projection
methods

To select an optimal feature projection method for
estimating the ankle and knee joint angles, the decoding
accuracy was compared among the different feature
projection methods: PP/NEM, PCA, and FA. For the
Kalman filter, three-dimensional reduced feature vectors
with a second-order time delay were used as the state
variables, and two-dimensional ankle and knee joint angles
with a second-order time delay were used as the observed
variables.

2.10Decoding performance of the proposedmethod

To implement a real-time decoding of ankle and knee joint
movements, the processing time should be less than the
window increment, which was set to 16.66 ms regarding
the maximum processing capability. The processing time
of the proposed method was monitored for the feature
extraction, feature projection, and neural decoding of the
test dataset. The experiment was implemented offline in
MATLAB R2015b (MathWorks, Inc., Natick, MA, USA)
on an Intel�CoreTM i-3 4100M 2.5-GHz PC with 4 GB of
RAM running on a Windows 7 64-bit operation system.

3 Results

3.1 Proprioceptive afferent activity during passive
ankle and knee joint movements

Muscle spindle afferents in deeply anesthetized animals
are rarely fired at substantial rates during passive joint
movements because variations in the fusimotor drive and
muscle contraction are almost absent in the anesthetized
condition. However, afferents in tendons are sensitive to
changes in the muscle force by activation of the motor
unit. Accordingly, neural signals recorded during passive
ankle and knee joint movements in the anesthetized state

may be mostly due to the activity of the muscle spindles
corresponding to the stretched muscles, and the rate of firing
is reduced compared to the unanesthetized state (Prochazka
2015; Prochazka and Ellaway 2012).

Figure 3 shows representative examples of recorded
neural signals that were obtained from rabbit A during
passive ankle and knee joint movements. The top plot
shows the kinematics of the limb movements, while the
second plot shows the ankle and knee joint angle data,
respectively. The third plot shows the representative five
channels of neural signals recorded from the L7 dorsal root
ganglion. Different hashes denote different neurons. The
bottom plot shows the spike trains of the five channels.
The black, red, blue, green, and orange single units are
derived from channel 1, channel 2, channel 3, channel
4, and channel 5, respectively. Neural activities changed
according to the joint movements. Proprioceptors of the
ankle dorsiflexor and plantar flexor muscles are activated
during ankle plantarflexion and dorsiflexion, respectively,
whereas proprioceptors of the knee flexor and extensor
muscles are activated during knee extension and flexion,
respectively. Consequently, the single units during ankle
dorsiflexion and knee flexion could be proprioceptive
afferents from the ankle plantar flexor and knee extensor
muscles, such as triceps surae and the quadriceps, whereas
the single units during ankle plantar flexion and knee
extension are expected to be proprioceptive afferents from
the ankle dorsiflexor and knee flexor muscles, such as the
tibialis anterior and hamstrings. These patterns of neuronal
firing were observed repeatedly according to the movements
of the ankle and knee joints and were used to estimate the
ankle and knee joint angles.

Table 1 shows the number of individual neurons
discriminated from among multiple neurons by spike
sorting. For each of the five rabbits, neural signals were
simultaneously recorded from 9 to 14 channels of the
electrode during the ankle and knee joint movements, and
2 to 4 individual neurons were detected on each channel.
Based on the spike sorting, 21 to 37 individual neurons were
obtained from each rabbit, and the number of spikes for the
individual neuron in each data window was used as a feature
vector. Therefore, the dimensionality of the original features
m was between 21 and 37.

3.2 Comparison of different dimensional features

Tables 2 and 3 list the decoding accuracies of the different
dimensional features used to estimate the ankle and knee
joint angles, respectively. For the ankle angle estimations,
the three-dimensional feature vectors had a higher decoding
accuracy than those of the one- (p < 0.01) and two-
dimensional feature vectors (p < 0.01). For the knee angle
estimations, the three-dimensional feature vectors also had
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Fig. 3 Typical examples of
recorded ankle and knee joint
angles and single-unit activity
from rabbit A. Ankle and knee
joints were moved in a
sinusoidal pattern at 0.2 Hz
considering the maximum range
of motion of each joint. The
spike trains were isolated from
multiple spikes by spike sorting,
where each row represents the
activity of an individual neuron
in response to the ankle and knee
joint movements. The black, red,
blue, green, and orange single
units are derived from channel
1, channel 2, channel 3, channel
4, and channel 5, respectively

a higher decoding accuracy than those of the one- (p <

0.01) and two-dimensional feature vectors (p < 0.01).
Meanwhile, there were no significant differences in the
decoding accuracies between three- and five-dimensional
feature vectors for both the ankle and knee joint angle
estimations. The decoding accuracy was not improved by
the addition of a dimensionality of more than three. This
study focused on reducing the dimensionality of the feature
vectors while preserving the feature of interest to provide

Table 1 Spike sorting results for each rabbit

Rabbit A B C D E

Number of recording channels 14 14 9 9 10

Number of individual neurons 37 32 21 29 21

useable information for estimating ankle and knee joint
angles. Thus, the three-dimensional reduced feature vectors
were used to decode the ankle and knee joint movements.

Table 2 Decoding accuracy with respect to ankle joint movement for
different dimensional features

Rabbit 1 − D 2 − D 3 − D 5 − D

A 0.8186 0.8582 0.8788 0.8699

B 0.7596 0.7980 0.8787 0.8060

C 0.7840 0.8182 0.9497 0.8445

D 0.8568 0.8921 0.9316 0.9270

E 0.8814 0.8952 0.8830 0.9457

Mean 0.8221 0.8524 0.9044 0.8786

±SD ±0.1135 ±0.0931 ±0.0594 ±0.0901
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Table 3 Decoding accuracy with respect to knee joint movement for
different dimensional features

Rabbit 1 − D 2 − D 3 − D 5 − D

A 0.8182 0.8578 0.8776 0.8658

B 0.7517 0.7931 0.8736 0.7975

C 0.7899 0.7946 0.9311 0.8365

D 0.8712 0.8744 0.9172 0.9127

E 0.8688 0.8866 0.8754 0.9350

Mean 0.8200 0.8413 0.8950 0.8695

±SD ±0.1196 ±0.1056 ±0.0656 ±0.0988

3.3 Comparison of different delay orders

Tables 4 and 5 list the decoding accuracies of the
different delay orders used to estimate the ankle and knee
joint angles, respectively. For the ankle angle estimations,
the second-order time delay was significantly higher for
decoding accuracy than the first- (p < 0.05) and third-order
time delays (p < 0.05). For the knee angle estimations,
the decoding accuracy of the second-order time delay was
approximately 1.80% and 2.33% (p < 0.05) higher than
that of the first- and third-order time delays, respectively,
but the difference between the first- and second-order time
delays was not significant (p > 0.05). This result indicates
that a second-order time delay provides a significantly better
decoding performance than those obtained using the other
time delay orders in the ankle angle estimations but a
significantly better or similar decoding performance in the
knee angle estimations. Thus, the second-order time delay
was selected as an optimal delay order in our decoding
application.

3.4 Comparison of different feature projection
methods

Tables 6 and 7 show the decoding accuracies of the
different feature projection methods for the ankle and knee
joint angle estimations, respectively. The PP/NEM met-
hod obtained a decoding accuracy of 0.9044 ± 0.0594 and

Table 4 Decoding accuracy with respect to ankle joint movement for
different delay orders

Rabbit 1st − order 2nd − order 3rd − order

A 0.8725 0.8788 0.8285

B 0.8106 0.8787 0.7954

C 0.9147 0.9497 0.9253

D 0.8639 0.9316 0.8914

E 0.8732 0.8830 0.9319

Mean±SD 0.8670±0.0777 0.9044±0.0594 0.8745±0.1041

Table 5 Decoding accuracy with respect to knee joint movement for
different delay orders

Rabbit 1st − order 2nd − order 3rd − order

A 0.8940 0.8776 0.8168

B 0.8100 0.8736 0.8029

C 0.9193 0.9311 0.9389

D 0.8797 0.9172 0.8743

E 0.8822 0.8754 0.9258

Mean±SD 0.8770±0.0799 0.8950±0.0656 0.8717±0.1182

0.8950 ± 0.0656 for the ankle and knee angle estimations,
respectively, which was significantly better than the PCA
and FA results. The decoding accuracy of the PP/NEM
method was approximately 6.29% (p < 0.01) and 4.29%
(p < 0.05) higher than those of the PCA and FAmethods for
the ankle angle estimation, respectively, and approximately
7.51% (p < 0.01) and 8.53% (p < 0.01) higher than those
of the PCA and FA methods for the knee angle estimation,
respectively. This result suggests that the PP/NEM approach
has better decoding performance than the PCA and FA
methods.

3.5 Decoding performance of the proposedmethod

Figure 4 shows an example of the decoding results of
rabbit D obtained using the proposed method. The top
plot shows the spike trains of neuronal activity during
the limb movements, and the second plot shows the
dimensionality-reduced feature vectors corresponding to
the three independent components. The bottom plot shows
the estimation results of the ankle and knee joint angles
obtained using the Kalman filter integrated with a second-
order time delay for the state and observed variables.
The black solid line denotes the ankle and knee joint
angles measured by IMU sensors, and the blue solid line
denotes the estimated angles using the proposed method.
The means and standard deviation of the R2 values between
the measured and estimated angles in the five rabbits were

Table 6 Decoding accuracy with respect to ankle joint movement for
the different feature projection methods

Rabbit PP/NEM PCA FA

A 0.8788 0.7990 0.8373

B 0.8787 0.8223 0.8579

C 0.9497 0.8604 0.8124

D 0.9316 0.8864 0.8992

E 0.8830 0.8392 0.9004

Mean±SD 0.9044±0.0594 0.8415±0.1082 0.8615±0.1112
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Table 7 Decoding accuracy with respect to knee joint movement for
the different feature projection methods

Rabbit PP/NEM PCA FA

A 0.8776 0.7615 0.7425

B 0.8736 0.8451 0.8045

C 0.9311 0.7469 0.7458

D 0.9172 0.9159 0.8642

E 0.8754 0.8303 0.8016

Mean±SD 0.8950±0.0656 0.8199±0.1387 0.8097±0.1318

0.9044 ± 0.0594 and 0.8950 ± 0.0656 for the ankle and
knee joint movements, respectively.

The processing time of the proposed method for
estimating ankle and knee joint angles is shown in Table 8.
Each decoding result was generated within 10.969 ms,

Fig. 4 A typical example of a decoding result from rabbit D using
the proposed method. The top plot shows the spike trains during
ankle and knee joint movements, and the second plot shows the three
independent components obtained from smoothed single-unit activity
using PP/NEM. The bottom plot is the decoding result of the ankle and
knee joint angle estimates. The black and blue solid lines denote the
measured and estimated angles, respectively

Table 8 Processing time for the proposed method

Processes Processing time (ms)

Feature extraction 4.4085

PP/NEM 1.351 × 10−2

Kalman filter 6.548

Total 10.969

which is less than the window increment of 16.66 ms, and
therefore, the proposed method can be applied to the real-
time decoding of limb state to provide sensory feedback in
a closed-loop FES system.

4 Discussion

Sensory feedback-based closed-loop control of FES systems
can be useful for restoring lost motor function in paralyzed
patients, and neural activities such as cutaneous and
proprioceptive afferents have been investigated as a natural
source of sensory feedback for FES systems. Many studies
have been conducted to extract sensory information from
peripheral nervous systems (Chu et al. 2013; Raspopovic
et al. 2010; Tesfayesus and Durand 2007; Yoo and Durand
2005). For example, a single-channel cuff electrode was
used to identify different types of afferent stimuli from
sciatic nerve recordings of anesthetized rats (Raspopovic
et al. 2010). This was based on the fact that different types of
afferents are propagated along different types of nerve fibers
with different conduction velocities. The cuff electrode can
detect mixed neural activity from the nearest nerve fibers,
which are primarily in contact with the electrode channel.
Thus, the activity of single axons is difficult to extract from
recorded signals using a cuff electrode. These limitations
can be partly overcome using multichannel cuff electrodes,
which were developed to improve selectivity and distinguish
between different active fibers (Yoo and Durand 2005), but
multichannel cuff electrodes also cannot make contact with
a targeted axon within a nerve bundle, thereby providing
the aggregate neural activities of multiple fascicles and
reducing selectivity compared to other intrafascicular
multichannel electrodes.

In other studies, the sensory information of limb
movement was extracted from dorsal root ganglion recor-
dings. Sensory neurons are gathered in the dorsal root
ganglion, making it an attractive location to extract
sensory information. For example, sensory information
was extracted from recorded afferent signals using a
microelectrode array implanted in the L7 dorsal root
ganglion of a walking cat, and limb kinematics were
decoded using a multivariate linear regression model
(Weber et al. 2007). Another study used a neuro-fuzzy
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algorithm to estimate limb kinematics from the recordings
of up to 100 electrodes in the L6 and L7 dorsal root ganglion
to improve decoding performance (Rigosa et al. 2011).
Limb position was estimated using neural signals obtained
with penetrating microelectrode arrays in the dorsal root
ganglia and multi-state walking patterns were generated by
a closed-loop FES control system based on limb position
feedback (Bruns et al. 2013). Neural interface technology
is being developed to record hundreds of discriminable
neurons simultaneously, which can lead to improvement in
the quality of information extracted from neural signals.
However, increasing the available information requires
more computational effort proportionally. In addition,
neural interface systems ultimately need to be implanted in
the body. The wireless transmission of data is limited under
the strict power limits of implantable wireless systems, and
therefore, data reduction is important for implantable neural
systems (Gibson et al. 2012). Dimensionality reduction
methods can be commonly applied to population neural
activity and offer practical advice about interpreting their
outputs (Cunningham and Byron 2014). Therefore, we
believe that dimensionality reduction is important to reduce
the amount of data and the processing time for real-time
implementation of neural interface systems.

The goal of this study was to propose a real-time
decoding method for proprioceptive afferent signals using
linear feature projection to allow closed-loop control in an
FES system. The proposed decoding method was composed
of the PP/NEM approach and a time-delayed Kalman
filter. PP/NEM is a linear feature projection method that
can extract features and reduce the dimensionality of
large-scale data to a low amount of data without losing
useful information. PP/NEM has also been widely used
for blind source separation; linearly mixed independent
source signals can be recovered from their multiple-channel
recordings using ICA. The feasibility of ICA based on
PP/NEM has been investigated to extract fascicular source
signals from peripheral afferent recordings for closed-loop
control in FES (Tesfayesus and Durand 2007). The L7
dorsal root ganglion of the rabbit contains neurons of
both the sciatic and femoral nerves, and the distributions
of their neurons are topographically different (Palumbo
et al. 2004; Puigdelliv́ol-Sánchez et al. 1998). The sciatic
and femoral nerves include afferent fibers arising from
different muscles corresponding to the ankle and knee
joint movements, and these afferent fibers are organized
into individual fascicles that carry kinesthesia information.
When a microelectrode was inserted into the L7 dorsal root
ganglion, each channel of the electrode was directly placed
around the different neurons, achieving selectivity of both
the sciatic and femoral nerve neurons. Therefore, the neural
signals from the L7 dorsal root ganglion recorded using a
multichannel microelectrode could be regarded as a linear

mixture of independent neuronal signals, and the statistical
properties of the recorded neural signals from the dorsal root
ganglion could meet the PP/NEM application requirements
for dimensionality reduction.

The PP/NEM method exhibited a significantly better
decoding performance than that of the PCA and FA
methods. A PCA determines a set of new uncorrelated
latent variables from observed variables by maximizing the
projection variance using the eigenvalue of the covariance
matrix. An FA describes the observed variables as a mixed
model of factors and factor loadings. Both PCA and FA
can generate low-dimensional uncorrelated variables from
high-dimensional data, but uncorrelated variables do not
always indicate independent variables. PP/NEM estimates
independent source signals by measuring the negentropy
of estimated signals, which is equivalent to the degree
of mutual independence. Mutual independence can be
achieved by maximizing the negentropy of the estimated
source signals. Consequently, the PP/NEM method can
separate independent source signals from the recorded
neural signals and reduce the dimensionality, including most
informative features, thereby achieving higher decoding
accuracy than PCA and FA.

A Kalman filter provides a recursive estimate of state
variables from observed variables, which assumes that the
state is linearly related to the observation. As a linear
decoding algorithm, a Kalman filter has the advantage of
being fast and stable in decoding behavioral trajectories
from neural activity and has been successfully used as
a neural decoding method (Wu et al. 2004). The time-
delayed Kalman filter, which was constructed with a time
delay for the state and observed variables, was used to
estimate ankle and knee joint angles. The time delay can
enhance the learning capability of temporal and spatial
patterns and, thereby, play a key role in improving dynamic
decoding performance. Generally, a higher delay order
of state and observation can represent more temporal
information. However, as the delay order increases, the
input dimensionality increases and more computational
effort is required. Consequently, an appropriate delay order
should be selected to reduce the processing time and
improve decoding performance. Among the delay orders, a
second-order time delay achieved a higher performance than
the other delay orders in our experiments.

The proposed method consisted of PP/NEM and a
Kalman filter, where PP/NEM and the Kalman filter are
the linear feature projection and linear decoding methods,
respectively. These linear methods are fast and simple to
use and adequate for real-time processing. In closed-loop
FES systems, the sensory feedback signals are determined
continuously without a delay time, and stimulation pulses
are generated based on the feedback signals for controlling
limb movements. The processing time of the proposed
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method satisfied these real-time constraints. This result
suggests that the proposed method can accurately estimate
the ankle and knee joint angles in real time and is suitable
for closed-loop FES systems.

Accurate estimates of the firing rates of individual
neurons are complicated because neuronal activity is highly
variable. Thus, many studies have decoded limb movements
from the smooth estimates of the firing rate (Cunningham
et al. 2009). In this study, the feature vector was constructed
from the smoothed firing rates using a fourth-order
Butterworth low-pass filter with a cut-off frequency of 0.4
Hz, considering limb movement generated by the sinusoidal
pattern of 0.2 Hz. Limb movement of 0.2 Hz is very
slow compared to normal movements. Choosing a different
cut-off frequency might produce a significantly different
decoding accuracy. Therefore, in the case of realistic joint
angle variations of normal movement, a greater information
bandwidth than we used will be required to achieve high
decoding performance and appropriate cut-off frequency of
the low-pass filter should be selected according to the speed
of movement.

In FES systems, electrical stimulation can produce two
types of stimulus artifacts and contaminate neural signal
recordings. A first artifact is concurrently appeared in the
recording channels due to electrical stimulation, and a sec-
ond artifact is induced directly by afferent fibers activation
and appeared in the dorsal root ganglion after a short latency
(∼2-5 ms) corresponding to the nerve conduction delay
from stimulation site to the dorsal root ganglion (Bruns
et al. 2013). When applying blanking to eliminate stimulus
artifacts, an appropriate blanking period should be chosen
because a short blanking duration cannot avoid artifacts,
whereas a long blanking duration increases the loss of infor-
mation and decreases the available signal length. In this
study, we applied a 1 ms blanking period synchronized
with the stimulation repetition frequency in the recordings
to avoid the stimulus artifacts referred from the previous
study of actual intraspinal microstimulation (ISMS) (Holin-
ski et al. 2013). ISMS required smaller current amplitude
levels than other intramuscular stimulations to induce limb
movement, and almost all stimulus artifacts were success-
fully removed using a 1 ms blanking period (Holinski et al.
2013). Another study achieved closed-loop FES control of
hind limb based on the limb position feedback from dorsal
root ganglion recordings with a 2 ms blanking period (Bruns
et al. 2013). Electrical artifact evoked by stimulation can be
effectively removed by a simple artifact rejection method
with relatively short blanking period. However, these blank-
ing periods are generally inappropriate to eliminate the stim-
ulus artifact of neuronal activity that is induced by afferent
fibers activation in typical intramuscular or neuromuscular
approaches for FES control. Stimulation-induced neuronal
activity would likely affect decoding accuracy, and therefore

many studies have used a longer blanking period that can
include this artifact (Chu et al. 2013; Song et al. 2017). For
example, ankle movement was induced by neuromuscular
stimulation, and then ankle angle was predicted using sci-
atic nerve recordings with a 6 ms blanking period (Song et al.
2017). This 6ms blanking period is presumably long enough to
eliminate the interference noise both electrical artifact and
stimulation-induced neuronal activity. Further study is neces-
sary to investigate the optimal blanking period for obtaining
interference-free neural signals during actual electrical stim-
ulation and the effect of additional neuronal activity induced
by electrical stimulation on the decoding accuracy.

In our experiment, the decoding performance of the
proposed method was evaluated during passive limb
movements in anesthetized rabbits. The afferent signals
induced by passive movements may be mostly due
to the activity of the muscle spindle, while variations
in the fusimotor drive and the mechanical effects of
muscle contraction, pennation angle changes, and tendon
compliance may be absent (Prochazka 2015). The limb
movement was a simple up-down cycling, similar to the
sit-to-stand maneuver where the ankle and knee joint
move in synchrony. These limb movements differ greatly
from a full limb step cycle. In volitional movements of
the unanesthetized condition, muscle spindle firing can
be strongly influenced by variations in fusimotor drive
and muscle contraction. Recorded afferent signals may
include not only proprioceptive afferents but also cutaneous
afferents responding to contact, skin stretch, and hair
movement. These influences change the signal patterns
of the afferents signals recorded from the unanesthetized
condition and act as noise in the decoding of limb
movements. The proposed method could be invalid in a
case where the recorded afferent signals are generated
from different sensory modalities. To resolve this problem,
an additional identification procedure is necessary to
discriminate a proprioceptive afferent activity from the
recorded afferent signals according to different sensory
modalities. In future studies, the proposed decoding method
will be directly implemented for real-time decoding of
active multi-directional limb movements using dorsal root
ganglion recordings to provide sensory feedback signals in
closed-loop FES systems.

5 Conclusion

This paper proposed a real-time decoding method for
estimating ankle and knee joint angles from proprioceptive
afferent signals using a linear feature projection for closed-
loop control in FES systems. The proprioceptive afferent
signals were recorded from the L7 dorsal root ganglion
using a multichannel microelectrode during passive ankle
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and knee joint movements, and feature vectors were
extracted from the single-unit activities. The dimension of
the features was then reduced using the PP/NEM method,
which maximizes the negentropy as a measure of statistical
independence between signals. A time-delayed Kalman
filter was used to estimate the ankle and knee joint angles
and showed a high decoding accuracy for both the ankle
and knee joint angle estimates. All decoding processes were
completed within the real-time constraints. The proposed
method might be applicable to providing real-time limb-
state feedback in closed-loop FES systems.
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