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With the rapid growth of ageing population, rehabilitation for
neurological disorders such as Alzheimer’s, Parkinson’s, and
stroke is one of the grand challenges faced for the coming
years. Knowledge and new technologies are needed for
effective rehabilitation to release the increasing demands for
long-term medical treatments and healthcare, as well as help
the patients regain or maintain independency in their daily
lives. Successful rehabilitation depends on the understanding
of the pathological mechanisms, effective methods in the
treatment, and accurate evaluation of the recovery progress.
Advances in neural computation provide solutions to brain
modeling, quantitative neural information processing, and
neural imaging. New findings in these areas also inspire
novel techniques for diagnosis, rehabilitation treatments,
and development of novel training devices. Considering the
aforementioned trends, neural computation in the area of
rehabilitation is a natural choice for the theme of this special
issue. In this issue you will find thirteen high-quality, peer-
reviewed articles thatwill provide researchers in diverse back-
grounds such as engineering, neuroscience, rehabilitation,
and computational sciences with the current state-of-the-art
knowledge of this emerging interdisciplinary research area.

The review paper “Neural coding for effective rehabilita-
tion” by the special issue editors X. Hu et al. covers a wide
range of the latest breakthroughs in neural coding, neural
network imaging, and neural informatics techniques with
potential applications formore effective rehabilitation, as well
as the advancements using electroencephalographic (EEG)
and electrocorticographic (ECoG) signals in human patients

for clinical applications and in intelligent robotic systems
designed for interactive rehabilitation.

Rehabilitation usually is a long-term process. Its clinical
success heavily depends on the accurate diagnosis and follow-
up evaluations. Furthermore, for effective rehabilitation a
better understanding of the relationships between physical
exercise therapies and the motor outcome is essential. This
special issue presents two imaging studies for enhancing
diagnosis of stroke subtypes and evaluation of rehabilitation
outcomes. The paper “DWI-based neural fingerprinting tech-
nology: a preliminary study on stroke analysis” by C. Ye et al.
proposes a newmethodology to identify subtypes of ischemic
stroke using diffusion weighted imaging to facilitate the effi-
cient clinical diagnosis. P. Liu et al. introduce a cost-effective
ultrasonic method for poststroke muscular evaluation and
monitoring the outcomes of rehabilitation training in their
paper entitled “Change of muscle architecture following body
weight support treadmill training for persons after subacute
stroke: evidence from ultrasonography.”

The paper “Gradually increased training intensity benefits
rehabilitation outcome after stroke by BDNF upregulation and
stress suppression” by J. Sun et al. illustrates the effects of reha-
bilitation, namely, fixed training regiments versus increased
training intensity on the cerebral neuroplasticity. Studying
the effects of rehabilitation on the process of neuroplasticity
coupled with motor outcome is extremely important for the
design of therapies that are likely to expedite recovery. To this
end, brain-machine interfaces (BMIs) have been a promising
tool, which enables users to learn to modulate their neural
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activity through real-time feedback. In this issue, we highlight
several articles that focus on the design of BMIs that could
have significant applications for rehabilitation. The paper
“Circuit models and experimental noise measurements of
micropipette amplifiers for extracellular neural recordings from
live animals” by C. H. Chen et al. presents a study on noise
modeling for novel hardware designs utilizing micropipettes
for extracellular recordings for BMI applications. “Neural
decoding using a parallel sequential Monte Carlo method on
point processes with ensemble effect” by K. Xu et al. introduces
a new sequential Monte Carlo estimation on point processes
that can accurately predict movement from neural activity in
real time on GPU, providing up to 10 times faster decoding
speeds compared to serial implementations. S. Ryun et al.
show that it is possible to predict and delineate hand grasping
from elbow flexion using ECoG signals prior to movement
execution in humans. The novelty of this work is that signals
utilized for the prediction were delimited to the prefrontal
cortex with no input from sensorimotor areas. The next
two papers focused on noninvasive recordingmethodologies.
In “A study on decoding models for the reconstruction of
hand trajectories from the human magnetoencephalography,”
H. G. Yeom et al. present a Kalman filter approach to
continuously reconstruct hand trajectories using MEG. The
paper “Nonlinear EEG decoding based on a particle filter
model” by J. Zhang et al. describes a novel nonlinear particle
filter model that achieves decoding accuracies comparable to
those in the literature and requires smaller training datasets.
Y. Qi et al. present a BMI study for clinical applications in
epilepsy in the paper “Robust deep network with maximum
correntropy criterion for seizure detection.”

There are three papers that provide novel methodologies
demonstrating promising potential applications for stroke
therapy and monitoring. In “Optogenetic activation of the
excitatory neurons expressing CaMKII𝛼 in the ventral tegmen-
tal area upregulates the locomotor activity of free behaving rats”
S. Guo et al. successfully and selectively upregulated the
locomotor activity of free behaving rats. The authors will
further study if they can have similar results in stroke
models. The paper “A blood pressure monitoring method for
stroke management” by H. T. Ma introduces cuffless blood
pressure monitors, which can be used for monitoring stroke
survivors, since blood pressure is an important risk factor
for stroke prognosis. H. T. Ma et al. also present a “Muscle-
based pharmacokinetic modeling of marrow perfusion for
osteoporotic bone in females,” which is a novel muscle-based
pharmacokinetic modeling approach to monitor marrow
perfusion.

We hope that this special issue will help to promote the
further development of neural computation methodologies
for rehabilitation. Improved understanding between neural
plasticity and rehabilitation, as well as improved method-
ologies for the diagnosis of disorders and the evaluation
of progress in behavior and physiology, may lead to better
performance outcomes in neurorehabilitation. Suchmethods
can also reduce the cost, duration, and overall impact of
neurological disease. In addition to reducing suffering and
improving quality of life, neurorehabilitationwhen combined
with novel neural computation methods has the potential to

advance our knowledge about themechanisms of the nervous
system.
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Successful neurological rehabilitation depends on accurate diagnosis, effective treatment, and quantitative evaluation. Neural
coding, a technology for interpretation of functional and structural information of the nervous system, has contributed to the
advancements in neuroimaging, brain-machine interface (BMI), and design of training devices for rehabilitation purposes. In this
review, we summarized the latest breakthroughs in neuroimaging from microscale to macroscale levels with potential diagnostic
applications for rehabilitation.We also reviewed the achievements in electrocorticography (ECoG) codingwith both animalmodels
and human beings for BMI design, electromyography (EMG) interpretation for interaction with external robotic systems, and
robot-assisted quantitative evaluation on the progress of rehabilitation programs. Future rehabilitation would bemore home-based,
automatic, and self-served by patients. Further investigations and breakthroughs are mainly needed in aspects of improving the
computational efficiency in neuroimaging and multichannel ECoG by selection of localized neuroinformatics, validation of the
effectiveness in BMI guided rehabilitation programs, and simplification of the system operation in training devices.

1. Introduction

Neurological rehabilitation usually is a long-term process for
patients suffering from trauma or disorders of the nervous
system. With the growth of the ageing population across
the world, the number of patients with degenerative (e.g.,
Parkinson disease, amyotrophic lateral sclerosis (ALS)) and
vascular disorders (e.g., stroke) has increased substantially.
In fact, stroke, a cerebrovascular accident, has been identified
as the leading cause of adult disability [1, 2]. Providing long-
term and effective rehabilitation service has been a grand
challenge in many countries and has created pressure to
currentmedical care systems [3].Neural coding, a technology
for interpretation of functional and structural information of
the nervous system, has contributed a lot to the advancements
in neurological rehabilitation.

Successful neurological rehabilitation firstly depends on
the accurate diagnosis of the underlying pathology, its
anatomical foci, and the effects on functional networks
and structural connections.The advancements in volumetric
neuroimaging technology now allow us to visualize neural

networks in detail from macroscale to microscale levels.
For instance, functional magnetic resonance imaging (fMRI)
is now commonly used clinically for diagnosis on the
cerebral network reorganization after stroke, that is, the
macroscale imaging, and with the application of high-
resolution optical microscopy, the structure and the dynamic
connection among a group of neurons could be revealed,
that is, microscale imaging [4]. Neural imaging provides not
only the diagnostic information, but also the mechanism
or theoretical support for designing optimal rehabilitation
therapy as an evaluation tool.

Effective treatment is the second important component in
the rehabilitation. The traditional physical and occupational
therapies are mainly conducted by human therapists, who
can interact with a patient and support him/her to complete
the desired training tasks. However, with the shortage of
the rehabilitation professionals and the growing popula-
tion of the patients, assistive rehabilitation devices (e.g.,
rehabilitation robots) are in great demand. The design of
rehabilitation devices that can interact with the patients is
based on the identification of voluntary motor intention of
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a user. Brain-machine interface (BMI), sometimes termed as
brain-computer interface (BCI), is a technique that has been
explored to decode such voluntary motor intention from
brain signals, for example, electroencephalography (EEG)
and electrocorticography (ECoG), which are the neural
potentials detected from the scalp and the brain, respectively
[5, 6]. ECoG, also known as intracranial EEG (iEEG), refers
to neural recordings from the cortical surface through a
surgical incision to the skull. The detection of ECoG is
invasive with the electrode array directly attached to the
brain; however, ECoG signals have much higher spatial and
temporal resolution than the scalp EEG. BMIs with ECoG
detection have been mainly investigated in animal models,
for example, monkeys, for possible interaction with external
systems, such as a computer game, or even a prosthetic
robot [7, 8]. The animal BMI studies paved the road to
the application of ECoG BMI to human beings for rehabil-
itation purposes. BMI technique is important in designing
rehabilitation devices for severely paralyzed patients, whose
limb motions are hardly to be detected. Besides the neural
signals detected from the brain, muscular electricity, that
is, electromyography (EMG), also has been used to explore
the neural instructions to the muscles. In comparison with
neural or neuronal signals, EMG has focalized resolution on
individual muscles and relatively higher amplitudes detected
noninvasively. Therefore, EMG is also a favorable biosignal
in controlling rehabilitation devices for patients with residual
muscle functions [9, 10].

The third important component in neural rehabilitation is
the quantitative evaluation during and after physical training.
Rehabilitative treatment is a long-term intervention that
usually lasts for years, during which the development of
diseases or the progress of recovery needs to be monitored
for the adaptation of treatment programs. However, most
of the assessment tools used clinically are subjective based
on the observation of practitioners, such as the Fugl-Meyer
Assessment [11] for evaluation of upper limb motor function
and the Modified Ashworth Scores for assessing muscular
spasticity [12]. Due to the lack of manpower in rehabilitation
industry, even the subjective evaluations are sparse in most
of clinical services currently. New methods are needed for
quantitative and long-term assessment on the rehabilitation
progress and the posttraining follow-ups. Taking advantage
of the neural coding technique, it is possible that training
devices also can act as evaluation systems. In this review,
we summarized the latest breakthroughs in neural coding
with the potential application formore effective rehabilitation
on neural network imaging and neural informatics in the
cortical areas of monkey during dynamic limb motions;
we also reviewed the achievements in neural coding by
electrocorticographic interpretation in human beings for
clinical applications and intelligent robotic system designed
for interactive rehabilitation.

2. Volumetric Neural Imaging

In the past few decades, one of the most exciting achieve-
ments in neural coding studies is volumetric functional

imaging, which has enabled monitoring brain-wide neural
activities at precise locations. In this section, we reviewed
the recent advancements of the macroscale fMRI and the
microscale/mesoscale optical microscopy, the two major
classes of volumetric imaging techniques that have been
used or have potential applications for rehabilitation. We
also highlighted the application of volumetric imaging on
neural network reconstruction, which is expected to have
fundamental impact on rehabilitation.

2.1. Macroscale Imaging-Functional MRI. MRI opens a new
window for observing the brain noninvasively. By measuring
wave energy emitted from hydrogen atoms excited by a
magnetic field, MRI can produce 3D images of anatomical
structures or physiological status of a brain. In particu-
lar, fMRI, which measures the BOLD (blood-oxygen-level
dependent) effect related to neural activities, provides a
unique opportunity of recording activities of the whole
human brain at a relatively high resolution. We can study
neural encoding and decoding with fMRI, which presents
individual voxels as the basic coding unit.

Encoding of fMRI predicts voxel-wise activities given
certain stimuli. Kay et al. developed a visual encoding model
with four components, including the set of stimuli, the fea-
tures of stimuli, ROI in the brain, and the algorithm of model
estimation [13]. This strategy can be adapted for encoding
motion, where the first two components become the set
of movements and the features of movements. Decoding
of fMRI signal has been extensively studied. It maps voxel
dynamics to external stimuli [14], motor behaviors [15], or
even high-level cognitive states [16]. While general linear
models have been successfully used to buildmappingmodels,
there are significant efforts underway for applying modern
machine learning techniques [17], such as kernel methods
[18], random forests [19], and manifold learning [20] for the
same purpose.

Another exciting development in fMRI decoding is real-
time fMRI (rtfMRI) [21], which takes advantage of online
processing of fMRI images. Set up with decoding models
trained offline, rtfMRI returns decoding results as inter-
pretable feedback to the human subject within a short delay
after acquisition.The process is fast enough for the subject to
modulate the brain activity in the sense of real time. Powerful
parallel processing frameworks, which are becoming more
and more affordable nowadays, can further improve the
decoding speed and potentially clear any bottlenecks in
computational modules [22]. This creates an opportunity for
building high degree-of-freedomnoninvasive brain-machine
interfaces using fMRI.

2.2.Microscale/Mesoscale Imaging-OpticalMicroscopy. At the
microscopic/mesoscale level, the most common functional
imaging technique is calcium imaging, which mainly uses
small fluorescence dyes (e.g., fura-2), or genetically encoded
fluorescence proteins (e.g., GCaMP), to measure the con-
centration fluctuation of free calcium ions in response to
electrical signals. Calcium imaging can be used to measure
a large population of neurons in vivo. Assisted by genetic
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Table 1: Comparison of functional brain imaging methods.

Temporal
resolution

Spatial
resolution Advantage Limitation

fMRI [144] ≥0.5 s ≥1mm Noninvasive whole
brain imaging

Indirect measurement

Optical
microscopy [23] ∼0.2 s ∼0.2𝜇m Single cell resolution Unsuitable for human subject

Scalp EEG [145] ∼1ms ≥2 cm (128
channels)

Noninvasive whole
brain recording

Low spatial resolution; signals are easily
contaminated by noises (e.g., EMG,

motion artifacts, etc.)

ECoG [95–99, 146] ∼5ms ∼10mm Long-term and
continuous recording

Invasive recording by attaching the
electrode array on the surface of the brain

engineering, it can measure specific types of neurons or
neurons at specific locations. Recent breakthroughs demon-
strated the real power of calcium imaging for studying the
whole brain at the single cell level: Schrödel et al. recorded
∼70% of head neurons ofC. elegans using wide-field temporal
focusing [23] and Ahrens et al. recorded more than 80%
of all neurons of the larval zebrafish brain using light-sheet
microscopy [4].

Studying neural coding with microscope imaging, how-
ever, is a relatively new research area, which has few original
methods designed for special properties of calcium imag-
ing data. Therefore, this presents a new opportunity and
challenge to computer scientists and engineers to develop
innovative computational algorithms and tools. One major
challenge would be the big data problem, because scan-
ning the whole brain at the microscopic scale will produce
terabytes or even petabytes of data. Decomposing the data
into tractable components and mapping them onto a low-
dimensional feature space are a key to revealing unknown
brain dynamics.

Although its direct clinical application is yet to be clear,
microscopic imaging can revolutionize rehabilitation by pro-
viding the mechanism or theoretical support for designing
optimal rehabilitation therapy. This will rely on animal stud-
ies, which are more accessible resources for understanding
the human brain than the human brain itself. The relatively
small scale of animal brains offers practical opportunities for
understanding a complete nervous system at the single cell
level. Due to the fundamental similarities among the motor
systems of all animal species, we can build disease models
on animals to study problems associated with rehabilitation.
For example, Li et al. has developed a C. elegans model of
ALS to evaluate the role of autophagy in the disease [24].
For the vertebrate species, there are mice models for studying
motor axon regeneration and muscle reinnervation [25] and
zebrafish models for studying brain disorders [26]. Another
obvious advantage of setting experimentswith animalmodels
is the possibility of using a rich set of genetic tools for tar-
geting specific neurons and manipulating neuron functions
[27]. The recent development of optogenetics especially has
allowed us to control neural activities more precisely than
ever before. Combining optogenetics with calcium imaging
will definitely provide a powerful tool for observing neural

activities when activating or inhibiting a specific set of neu-
rons [28].

2.3. Neural Network Reconstruction. The human brain is a
highly dynamic network generating coordinated activities
of billions of connected neurons. In this sense, neural
rehabilitation is basically the recovery of impaired neural
networks. Therefore, the advancement of rehabilitation tech-
niques relies on how well we understand neural coding in
the neural network, which in turn requires reconstructing
functional network or connectome from real data.

Electrophysiological recordings have been used to recon-
struct functional neural networks at different scales [29–
31], but they have fundamental limitations in resolution
or coverage (Table 1). For example, EEG/ECoG can only
provide networks with a low spatial resolution due to their
recording sites outside of the brain. On the other hand,
while extracellular electrophysiological recordings of neuron
activities have the single cell resolution, they are limited to a
small subset of neurons with obscure identities.

To reconstruct a functional network with better resolu-
tion-scale trade-off, we must take advantage of volumetric
functional imaging. A common practice for mapping the
functional connectivity of human brains is to compute region
correlations of the spontaneous fluctuation of the BOLD
effect in resting-state fMRI imaging [32]. Various statistical
correlation analysis approaches, such as clustering [33], inde-
pendent component analysis [34], andBayesian network [35],
have been successfully applied.These approaches should also
be applicable to microscopic functional imaging, which is
currently at the stage of delivering whole brain data at single
cell resolution.

We can also reconstruct neural networks anatomically
and then infer the functional connectivity. This can be done
by diffusion tensor imaging at the macroscopic scale [36],
serial two-photon tomography at the mesoscale [37], and
fluorescence microscopy [38] or electronic microscopy [39]
at themicroscopic scale. Although structural neural networks
do not provide functional connections directly, they have rich
clues about how information processing is implemented in
the brain. For example, structural analysis of a circuit in the
Drosophila optical lobe has, for the first time, shown that
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(a) (b)

Tm3 Mi1

Delay

T4

(c)

Figure 1: The motion detection circuit suggested by a connectome reconstructed from the Drosophila brain [39]. (a) Visualization of 379
neurons in the connectome, which is a part of the optical lobe; (b) the offset (black arrow) of the receptive fields computed from the circuit,
which involves L1 (yellow), Tm3 (magenta),Mi1 (cyan), and T4 neurons, suggests a potential implementation of (c) theHassenstein-Reichardt
model.

the brain computes the offsets of receptive fields to detect
motion (Figure 1) [39]. How to integrate structural and func-
tional neural networks would be a very interesting research
topic, which holds promise for revealing fundamental rules
of neural computation.

Undoubtedly, a better understanding of the structural
and functional properties of the brain network will lead
to more accurate simulations of the brain activities and
behavior outputs. Recently, Eliasmith et al. reported a large-
scale human brain model called “Spaun,” which can drive a
physically modeled arm to draw pictures by following visual
stimuli [40]. It is possible to use a similar framework to
simulate motor behaviors given specific neuron degeneration
or impaired conditions. These models can be further com-
bined with realistic muscle-based locomotion models, such
as those used in computer graphics [41], to assist in diagnosis
or treatment planning.

3. Neural Coding in Brian
Machine Interface (BMI)

Brain-machine interfaces exploit the spatial and tempo-
ral structure of neural activity of the brain to directly
control a prosthetic device. This emerging field has been
mainly inspired by the requirements of restoring interactions
between the environment and the individuals with severe
sensorimotor deficits through BMI-controlled systems. For
example, a tetraplegic patient can feed herself with chocolate
using a BMI-controlled robot arm [42].

3.1. BMI with Animal Models. Since the first experimental
demonstration using the primary motor cortical signals of

a rat to control a lever press [43], nonhuman primates have
been utilized as ideal subjects for BMI studies [42–54] due
to the similar functional brain structure as human beings
[55], which enables the implantation of multiple electrode
arrays in different motor cortical regions, and the better
capability to perform complicated tasks than other animal
models. Startingwith a standard center-outmovement task in
primates, in which monkey’s neural activities were found to
be tuning to the directional movement [56], the ensemble of
the neural firings could be used to predict more complicated
arm movement in a 2D computer cursor control or 3D
reaching and grasping, as well as the gripping force [47, 51,
57–59]. In 2008, Schwartz’s group realized a real-time cortical
control of a prosthetic robot arm for self-feeding without
the real movement of the monkey’s arm [53], which is an
important step close to the later clinic BMI applications on
human [42, 45].

In a typical motor BMI framework, neuronal activ-
ity (local field potentials, single-unit activity, and multiu-
nit activities) is synchronously collected from microelec-
trode arrays implanted into multiple cortical areas (primary
motor cortex (M1), premotor cortex (PMA), supplementary
motor cortex (SMA), primary somatosensory motor cortex
(S1), posterior parietal area (PP), etc.) while the subjects
are performing movement tasks. Several signal-decoding
approaches have been applied to extract the functional
relationship between the neural recordings and the subjects’
kinematics. The decoder implements a model to predict
movements and control a prosthetic robot arm or computer.
The first issue in BMI decoding is the choice of the motor
parameters, such as position, velocity, acceleration, gripping
force, and even EMG signals, which are probably more
promising for the patient to accept as the brain-muscular
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Figure 2: The reconstructed kinematics for a 2D reaching task by different tuning models from 185 neurons for 1000 testing samples (10ms
for each time instance) [67].The left and right panels depict the reconstructed kinematics for the 𝑥-axis and the 𝑦-axis, respectively.The three
rows of plots from top to bottom display the reconstructed position, the velocity, and the acceleration, respectively. In each subplot, the dotted
red line indicates the desired signal, the solid blue line indicates the estimation using the proposed instantaneous LNP model, the dashed
green line indicates the estimation using linear tuning, and the dot-dashed cyan line indicates the estimation using exponential tuning.

interfaces other than the stiff robot [46]. The second issue is
to find a decoding algorithm to translate the cortical activities
accurately. Many decoding methodologies use binned spike
trains to predict movement based on linear or nonlinear opti-
mal filters [50, 51, 54, 58, 60], but lack of further interpretation
of the neurological dynamic tuning properties. Another
method that derives the movement states probabilistically
from the neural tuningmodel is to use a Bayesian formulation
[61, 62]. It shares the parallel that the brain makes decisions
based on prior knowledge [63]. As the binning on the spike
does not exploit spike timing structure and may exclude rich
neural dynamics in the modeling, the adaptive point process
filtering methods have been developed to directly derive the
kinematics from the spike trains [64, 65] with the modeling

of the neural tuning properties to the instantaneous time
instance and the connectivity among the neural ensemble
[66, 67]. For example,Wang’s work developed a novel, online,
and encoding model that uses the instantaneous kinematic
variables (position, velocity, and acceleration in 2D or 3D
space) to estimate the mean value of an inhomogeneous
Poisson model [67]. Figure 2 shows an implementation of an
instantaneous tuning model in sequential Monte Carlo point
process estimation based on spike timing, which provided
statistically better kinematic reconstructions than the linear
and exponential spike-tuning models in monkey.

Aiming at the computational efficiency for the portable
BMI devices, researchers also developed techniques to ascer-
tain the neurons that relate the most to the movement
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Figure 3: Distributions of the neuronal weights calculated by different methods, including single neuron correlation analysis, model
sensitivity analysis, support vectormachine recursive feature elimination, mutual information, and local-learning-basedmethod. Neurons on
the left side of the vertical dash line show real recordings. Neurons on the right are simulated and generated independently from the task.The
five approaches show the different abilities of eliminating noisy neurons. The weights of the simulated neurons, learning from our proposed
method, are all close to 0, while many of them are assigned with relatively large values by other methods [70].

task and gain better understanding of the individual neuron
firing behavior [58, 68–70]. In Xu’s work, a local-learning-
based method was proposed to perform neuron selection for
the gesture prediction in a monkey’s reaching and grasping
task [70]. The algorithm effectively ascertained the neuronal
importance without assuming any coding model and pro-
vides a high performance with different decoding models.
The method showed better robustness of identifying the
important neurons with noisy signals presented, as shown
in Figure 3. The ascertainment of the important neurons
helped to inspect neural patterns visually associated with the
movement task (Figure 4).

One important issue for clinical BMI application is to
incorporate prosthesis devices into body representation and

make it feel like the subject’s own limb [71]. Introducing the
sensory feedback including visual, auditory, and tactile cues,
BMI therefore becomes a close loop system [72]. Although
visual or auditory information is fed back to the subject in
previous BMI designs [50, 51, 58], researchers investigated
the possibility to embed peripheral tactile and propriocep-
tive signals into the prosthesis operation. O’Doherty et al.
[48] implemented intracortical microstimulation techniques
directly on the cortical area (S1) of the monkey in a BMI task,
in which the monkey could distinguish 3 different targets
due to the simulated sense of “touch” in the brain. However,
arguments still remain whether the true sense of “touch” is
reproduced or the monkey just learns the link between the
targets and the electrical “tingling.” Other than intracortical
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Figure 4: Temporal activities of the top two neurons corresponding to different grasping targets. The light was on at time 0; the object was
grasped around time 1 s and was held until time 2 s. (a) The first neuron. (b) The second neuron. In each block, the grasping target in the
upper left plot is a cylinder. The target in the upper right plot is a plate. The target in the bottom left plot is a ring. The target in the bottom
right plot is a cone. Neuron 1 fires more frequently when the target objects were the cylinder and the ring, while much less for the plate and
the cone. The activity of neuron 2 clearly distinguished the group of cylinder and plate and the group of ring and cone. Furthermore, neuron
2 ceased to fire around time 1 s, which separated the reaching period and the grasping period [70].
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microstimulation, optogenetic techniques become promising
to active certain types of cells as stimulation to generate the
peripheral tactile and proprioceptive feedback due to better
temporal and spatial precision, easier manipulability, and less
side effects [73]. Although study shows that mice could be
guided to run in a circle by such techniques [74], there are
few reports on monkey to appear difference in the behavior
level using optogenetics as stimulation [75].

In the closed-loop BMI application, the subject needs
to learn how to operate a BMI system using biofeedback.
The neuroplasticity, induced by biofeedback, could help the
subject adjust brain activity to better adapt to the system
control over time [51, 76]. On the other hand, the adaptive
decoders need to follow the nonstationary neural activities
in order to improve the performance of BMI systems [77,
78]. The coadaptive BMI has later been presented as a
novel architecture that goes beyond translational neural
interface by merging with above two factors [51, 76, 79, 80].
Allowing brain and the intelligent decoder to adapt to each
other during learning according to the task accomplishment,
coadaptive BMI becomes attractive for the brain-controlled
prosthesis in future clinical applications without requiring
the realmovements of the patients, for example, with tetraple-
gia.

3.2. Neural Coding for Human BMI. Similar to the coding
methods used in animal models, the brain electrical signals
used in BMI systems for human beings are mainly ECoG
and scalp EEG. Scalp EEG (referred as EEG later) can be
noninvasively detected from the skin surface according to the
10–20 system for positioning the electrodes, with the com-
monly adopted numbers of 32 and 64 channels for the whole
brain recording, or according to 10–5 system for high-density
EEG with 128 channels [81]. In comparison with another
biosignal captured from the skin surface, EMG (50𝜇V–
10mV), the amplitude of EEG (10–20𝜇V) ismuch smaller and
easily contaminated by head and neck muscle contractions,
as well as artifacts, for example, eye blinks. EEG signals
have been proposed for identifying neural instructions. For
example, it has been widely known that the motion planning
is associated with a decrease in EEG energy in the mu
rhythm (8–12Hz) over sensorimotor cortex, that is, event-
related desynchronization (ERD), and after the execution
of a motion there will be a rebound in the EEG power
around 20Hz, that is, event-related synchronization (ERS)
[82]. EEG-based BMI systems have been successfully applied
on external device control by people with severe motor
disorders, such as spinal cord injury (SCI) and muscular
dystrophies [83, 84]. However, most of them showed little
effect on motor recovery for stroke rehabilitation as pointed
out in the reviews of Belda-Lois et al. andMattia et al. [85, 86].
One of the major reasons is that, different from subjects
with an intact brain (e.g., SCI), individual stroke survivors
have varied brain lesion sites and sizes, which increases
the difficulty of recognizing the correct motion patterns for
each. The second reason could be that stroke patients are
suffered from involuntarymuscle hypertoniamore often than
SCI patients [87], and it would introduce extra noises to

the EEG signals recorded. The third reason might be associ-
atedwith themethod ofwhole brain EEG recording.Once the
learning capability of a BMI algorithm is powerful and easy to
converge to a classified pattern with redundant EEG channel
information (or even with repeatable patterns of noise, like
EMG), the effort from the other side of neuroplasticity in
the brain will be weakened.The reported pattern recognition
rates of BMI with EEG for stroke varied greatly (e.g., from
60% to 90% [88]), and usually are lower than those for SCI.
Therefore, more effective and accurate neural indicators from
the brain are needed for human BMI design, especially in
stroke rehabilitation.

Different from the skin surface electrodes of EEG, elec-
trode grids that acquire ECoG can be placed subdurally
(i.e., below the dura mater) or epidurally (i.e., on top of
the dura) directly on the surface of the brain (i.e., subdural
recordings) or on top of the dura (i.e., epidural recordings).
Hence, ECoG signals are mesoscale activity of ensembles
of neurons, which lie in the continuum between microscale
single-unit action potential firings recorded intracortically
and to macroscale EEG from the surface of the scalp. In fact,
the rapidly growing interest in ECoG is mostly due to its
improved signal characteristics relative to the artifact prone
EEG. Compared with EEG, ECoG has finer spatial resolution
(mesoscale (millimeters) versus macroscale (centimeters))
[89–91], broader spectral range (0–500Hz versus 0–40Hz)
[92], higher amplitude (i.e., 50–100 𝜇V versus 10–20𝜇V)
[93], and less vulnerability to movement artifacts [5, 93,
94]. Moreover, ECoG electrode grids, which are typically
platinum electrodes 4mm (2.3mm exposed) in diameter
and are configured in either a grid (e.g., 8 × 8 electrodes)
or strip (e.g., 4 or 6 electrodes) configuration with an
interelectrode distance of usually 10mm, are farmore likely to
yield long-term functional stability [95–99] than intracortical
electrodes, which induce complex histological responses that
may impair neuronal recordings [100–102]. In fact, recent
studies in primates demonstrated that the signal-to-noise
ratio of ECoG signals is stable over several months [103].
Moreover these studies showed that cortical representations
of three dimensional arm and joint movements that can
be identified [7] and cortical control of three dimensional
cursors were achieved [104] and maintained over several
months.

However, since the placement of ECoG grid electrodes
requires an invasive procedure (craniotomy and inmost cases
an incision to the dura), most ECoG-based human studies
have recruited patients that were implanted as part of brain
surgery to excise epileptic focus or mass lesion. Hence, most
of the earlier ECoG-based studies often studied behaviors
that were relevant to clinical evaluation of these patient
populations, such as functional mapping of motor function.
These early efforts culminated in the first comprehensive
characterization of ECoG responses to visuomotor tasks in
the late 1990s [105]. This has led to the appreciation of task-
relatedmodulations in high gamma (70–200Hz) activity.The
spatiotemporal patterns of these modulations are consistent
sensorimotor function and its functional anatomy [106]. In
recent years, however, ECoG has proved to be a vibrant
recording technique for studying higher order functions
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[6, 107] and for brain-computer interfaces [108, 109] bringing
together clinicians, neuroscientists, and engineers in the
process. Moreover, epidural studies in animals [104, 110]
corroborate the viability of epidural signals as a practical and
less invasive signal modality, which can significantly reduce
the risks of inflammations and complications.

The first use of ECoG as a practical and robust platform
for translational applications beyond epileptology in human
beings was demonstrated by Wang et al. [111] with an
individual with tetraplegia caused by C4 level spinal cord
injury. ECoG signals were recorded over the left sensorimotor
cortex using a 32-contact high-density grid. The participant
achieved robust volitional control of 3D cursor movement
and a robotic arm. The participant was able to modulate his
sensorimotor cortex with distinctive cortical activity patterns
for different segments of the upper limb. The grid remained
implanted for 28 days and did not cause any adverse effects.
Another study byHirata et al. showed control of a robotic arm
in patients with moderate motor dysfunction due to stroke
[112]. However, the effects of this training on rehabilitation in
ipsilesional brain areas have not been recorded.

ECoG as a signal modality has also lent itself to uncov-
ering potential signal features that could be exploited for
hemispheric stroke. In recent years, there has been increased
interest in how ipsilateral motor andmotor-related areas acti-
vate in same-sided movements in both healthy and stroke-
affected subjects [113–115].These findings havemotivated fur-
ther explorations of whether ipsilateral activity in unaffected
hemispheres could be used in neuroprosthetic applications
for stroke-induced hemiparesis. Wisneski et al. [116] utilized
ECoG recordings to comprehensively define ipsilateral phys-
iology in motor-intact patients undergoing invasive mon-
itoring. Electrocorticographic signals were recorded while
the subjects engaged in ipsilateral and contralateral hand
motor tasks. Ipsilateral handmovementswere associatedwith
low-frequency modulations (around 37.5Hz) in premotor
cortex ∼160ms before than activity related to contralateral
hand movements. The authors therefore hypothesized that
ipsilateral cortical activity is involved in motor planning
(rather than execution). More recent studies [8, 117] have
demonstrated that the ipsilateral cortical signals could be
used to decode the direction of the joystick movement.
Overall, these studies suggest that in motor-intact human
subjects, ipsilateral activity during hand and arm movement
is distinguishable from contralateral activity, is involved in
planning rather than execution, and can be used as a viable
control signal in BMIs [116]. Moreover, the fact that the
premotor cortex control signal is in the low-frequency ranges
highly suggests that ipsilateral (and contralesional) EEG sig-
nals could be used with patients with stroke for BMI control
and possibly rehabilitation. In fact, functional imaging has
demonstrated increased activity in the premotor cortices of
motor-impaired stroke in unaffected hemispheres [118, 119].
This heightened activity could be a result of upregulation
of motor planning due to the inability of executing the
planned movement [116]. In a recent study Bundy et al.
tested whether this heightened activity could be detected
with an EEG-based BMI and converted into the desired
action [88]. They recorded EEG signals from four chronic

hemispheric stroke patients as they attempted real and imag-
ined hand tasks using either their affected or unaffected hand.
Low-frequency ipsilateral motor signals in the unaffected
hemisphere, distinguishable from contralateral signals, were
identified and subsequently used for a simple online BMI
control task. They demonstrated that EEG signals from the
unaffected hemisphere, associatedwith imaginedmovements
of the affected hand, enabled stroke patients to control a
cursor in one dimension. There is significant potential for
this approach to be used as a novel tool for rehabilitation by
slowly disengaging the unaffected hemisphere and engaging
the affected hemisphere during BMI control.

4. Intelligent Rehabilitation Robots Based on
EMG Coding

Intelligent rehabilitation robots usually refer to the systems
that can interact with the voluntary motor intentions of a
user. Besides the BMI technology introduced above, EMG-
controlled robotic system is another choice for rehabilitation,
mainly due to the easy-access of the signal from the skin
surface of a muscle. In this part, an overview of the rehabil-
itation strategies in recent robots was introduced first, and
it was followed with a review on some latest representative
EMG-controlled rehabilitation robots and their clinical appli-
cations.

4.1. Rehabilitation Strategies in Robots. The aims of the treat-
ment in neural rehabilitation are mainly to rebuild the lost
sensorimotor functions due to nervous system injuries, such
as stroke, and to minimize the related paretic symptoms.The
recovery in the rehabilitation is a motor relearning process;
that is, the lost functions can be regained and maximized by
intensive and repeated voluntary practices [120, 121], and this
concept has been applied in the traditional rehabilitation for
decades.

Treatments in the rehabilitation are arduous processes.
Training programs are usually time-consuming and labor-
intensive for both the therapist and the patient in one-to-one
manual interaction. In these situations, rehabilitation robots
have acted as the assistance to therapists, providing safe
and intensive physical training with repeated motions [122–
128]. The most commonly reported motion types provided
by developed rehabilitation robots are (1) continuous pas-
sive motion (CPM), (2) active-assisted movements, and (3)
challenge-based movement. In treatments with continuous
passive motion, the movements of the patient’s limb(s) in the
paretic side are guided by the robot system as the patient stays
in a relaxed condition. This type of intervention was found
to be effective in temporarily reducing muscular hypertonia
and maintaining the flexibility of joints for stroke and spinal
cord injury [129]; however, it contributed little to a permanent
motor recovery in the central nervous system after stroke
[129, 130]. In active-assisted robotic treatment (or interactive
robotic treatment), the rehabilitation robot provides external
assisting forces when the patient can not complete a desired
movement independently [123, 131, 132]. In this type of
physical training, the robot first needs to identify the motor
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Figure 5: (a) The EMG-triggered robot hand for upper limb training and (b) the representative EMG-triggered cycles for hand close of the
robot [10].

intention from the patient and then provides the interactive
assistance to the paralyzed limb. This type of training has
been found to be more effective in motor improvement than
CPM in stroke rehabilitation [129]. Robotic treatment with
challenge-based movement can assign training tasks with
varied difficulty levels [124, 133, 134], which is effective in
promotion of voluntary efforts from the patient according
to the recovery progress. Active-assisted and challenge-based
robotic training can be combined in one treatment to achieve
a maximized motor recovery, and the key to a successful
rehabilitation is the accurate interpretation of the voluntary
motor intention of a user.

4.2. EMG-Controlled Rehabilitation Robots. EMG is the elec-
tricity generated in muscles under the control of the nervous
systems. When an action potential transmitted from a motor
neuron axon to the muscle fibers, a motor unit action
potential is evoked. In comparison with the amplitude of
neuronal signals, EMG’s amplitude is much higher (usually
in millivolt) even when detecting from the skin surface
[9]. Therefore, EMG is a favorable biosignal to represent
a user’s voluntary motor intention in robotic design. For
interpretation of EMG in the real-time control of robots,
there are basically two methods, triggered mode and con-
tinuous mode. In the triggered mode, EMG was used to
initiate the movement of the robot, and after that, the robot

would work in a CPMmode [10, 123, 132]. A preset threshold
for detection of the onset of EMG can be used to trigger
the motion of the robot, for example, the EMG-triggered
hand robot for upper limb training after stroke introduced
in the study of Hu et al., as shown in Figure 5(a) [10]. The
robot hand could help a stroke patient perform the hand
close/open motions triggered by the residual EMG detected
from the abductor pollicis brevis (APB) in the paretic side
for controlling the hand close and the extensor digitorum
(ED) for the hand open. Figure 5(b) shows the representative
triggering cycles in the robot hand for hand close with the
EMG from the APB muscle, where the triggering threshold
was set at 10% of the EMG amplitude when conducting the
maximal voluntary contraction (MVC) [10]. Once the real-
time EMG amplitude was above the threshold and kept for 3
seconds, the robot hand would perform hand close motion
with a constant angular velocity of 22∘/s with the virtual
center of the metacarpophalangeal (MCP) joints and 26∘/s at
that of proximal interphalangeal (PIP) joints. By using this
EMG-triggered robot hand, a pilot clinical trial of upper limb
training on ten subjects with chronic stroke was conducted,
and each of the subjects received 20 training sessions with an
intensity of 3–5 sessions/week. After the training, it was found
that the robot hand assisted rehabilitation could significantly
improve the finger functions and the muscle coordination in
the whole upper limb [10].
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Figure 6: The continuous EMG-driven robot (PolyJbot) for joint training at the elbow, the wrist, the knee, and the ankle [130, 135, 136].

In a continuous EMG-driven robot system, the behaviors
of the robot are controlled by the continuous variation of
EMG, which requires the user to generate desired EMG pat-
terns to instruct the movement of the robot [135], for exam-
ple, the continuous EMG-driven robotic system (PolyJbot)
developed for multijoint training by Tong’s group shown in
Figure 6 [130, 136, 137]. The robot can provide treatments
on the elbow, the wrist, the knee, and the ankle with a
continuous EMG-controlled algorithm. During the training,
a subject needs to conduct joint extension and flexion by
tracing a target cursor on the screen, and the robot will
provide assistive torque to the joint, which is proportional to
the EMG amplitude of a target muscle, for example, extensor
carpi radialis (ECR) in wrist extension. In the algorithm
design, the more muscle effort generated, the more assistive
torque obtained with an attempt to maximize the voluntary
effort during the training. In comparison with the training
effects by robot-assisted CPM mode, the continuous EMG-
driven mode could achieve more significant improvements
in the release of muscle spasticity (i.e., hypertonia) and
improvement of muscle coordination in the wrist joint, as
well as in the shoulder/elbow part [130, 137]. Furthermore,
themotor outcomes gained after the continuous EMG-driven
robot-assisted training could be maintained for 3 months
[130].

EMG not only can be applied as the controlling signal
in rehabilitation robots, but also has been applied on quanti-
tative evaluation of the rehabilitation effects complementary
to the subjective clinical assessment tools used in routine
practice. For example, the coordination amongmuscles could
be measured by EMG phasic change in muscle pairs [10, 130,
136–138]. The extent of the cocontraction phase was quan-
titatively evaluated by a cocontraction index (CI) between
the EMG trials of two muscles. The CI values could be used
to monitor the recovery progress in muscle coordination
during the robot-assisted rehabilitation. Figure 7 shows an
example of the calculatedCIs of themuscles in the upper limb
during PolyJbot assisted poststroke wrist training in different
sessions [137]. A decrease in the CI values usually was related

to a release of muscle spasticity and more independent
contraction of the muscle pair, that is, better coordination.

5. Future Prospects and Conclusions

Modern neural rehabilitation heavily relies on the advances
of neural computational techniques in diagnosis, treatment,
and evaluation, which promise the future rehabilitation to
be more automatic, economical, and convenient. Instead of
receiving the treatments in hospitals or medical centers,
future rehabilitation will be mainly home-based and subject-
customized training with telecommunication for evaluation
and follow-up tomeet the fast growingmarket of homehealth
care services [139]. To achieve this, further investigations are
needed in neural coding techniques mainly in the following
aspects.

(1) Reduction of the calculation cost: high accuracy usu-
ally is sacrificed with the cost of calculation efficiency.
Smart computational methods are needed to locate
the areas of interest in neural imaging and highly
relevant channels in BMI systems for individual sub-
jects, with necessary accuracy for a real-time system.
Currently, multichannel EEG systems are used for
both invasive and noninvasive BMI systems, which
are associated with large amounts of data to be
explored. Effective channel selection methods with
prioritized channel information should be useful to
lower down the calculation cost, as some pioneers
reported in the literature [140, 141]. More efforts
are needed for the investigation of the long-term
rehabilitation programs associated with the variation
of neural plasticity in individuals, like persons after
stroke who have varied brain lesions.

(2) Comparative study between scalp EEG and ECoG:
ECoG has higher resolution and signal quality than
scalp EEG. However, the invasiveness of ECoG as
a recording modality limits its usage. Modeling and
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source localization/projection studies could be help-
ful to investigate the relationships between ECoG
and scalp EEG, which may lead to noninvasive EEG
with needed resolution close to ECoG. For example,
attempts have been made to compare the EEG and
ECoG in persons with epilepsy [142]. However, more
intensive investigations on the projection between
EEG and ECoG are needed in other pathological and
clinical applications in the future.

(3) Rehabilitation effectiveness of BMI systems: although
BMI-training systems have been proposed for
patients with neural disorders, for example, stroke,
the rehabilitation effects are still questioned [143].
Stroke patients could use the system with a high
recognition rates. However, this may not directly lead
to an improvement in the paralyzed limb functions
[85, 86]. It is worthwhile to investigate whether
redundant EEG channel information in the BMI
system made the recognition task too easy to benefit
the motor recovery.

(4) Easy and reliable bioparameters in system control
and evaluation of recovery: it is necessary to uti-
lize objective and quantitative evaluation methods
for monitoring recovery progress in rehabilitation.
However, the operations of most of current robots are
not easy for patients to use them at home without
supervision. Training systems should bemuch simpli-
fied, especially on the detection of key bioparameters
for system control and evaluation in the home-based
devices.
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Blood pressure is one important risk factor for stroke prognosis. Therefore, continuous monitoring of blood pressure is crucial
for preventing and predicting stroke. However, current blood pressure devices are mainly air-cuff based, which only can provide
measurements intermittently.This study proposed a newblood pressure estimationmethod based on the pulse transit time to realize
continuousmonitoring.The proposedmethod integrated a linear model with a compensation algorithm. A calibrationmethod was
further developed to guarantee that the model was personalized for individuals. Variation and variability of pulse transit time were
introduced to construct the compensation algorithm in the model. The proposed method was validated by the data collected from
30 healthy subjects, aged from 23 to 25 years old. By comparing the estimated value to the measurement from an oscillometry,
the result showed that the mean error of the estimated blood pressure was −0.2 ± 2.4mmHg and 0.5 ± 3.9mmHg for systolic
and diastolic blood pressure, respectively. In addition, the estimation performance of the proposed model is better than the linear
model, especially for the diastolic blood pressure. The results indicate that the proposed method has promising potential to realize
continuous blood pressure measurement.

1. Introduction

It has been reported that ambulatory blood pressure values
were linearly related to stroke risk, which has stronger
predictive power than screening blood pressure [1]. The pre-
dictive value of home blood pressure measurement increased
progressively with the number of measurements within 24
hours [2]. Studies also showed that hypertension would
increase the risk of stroke [3], especially for those subjects
who had stroke history [4]. It was found that a 10mmHg
greater reduction in systolic blood pressure (SBP) would
be associated with a 31% reduction in stroke risk within a
follow-up duration of average 4.5 years for the elderly [5, 6].
Therefore, continuous blood pressure monitoring is crucial
for both predicting stroke and hypertension management [7,
8]. 24-hour ambulatory blood pressure monitoring has been
increasingly used in clinic for hypertension management
[9–11]. Current blood pressure devices (by oscillometry or
sphygmomanometery) are mainly based on air-cuff, which
only can measure blood pressure intermittently and may
not be suitable for long term blood pressure monitoring.
Therefore, cuffless blood pressure monitoring method would
be valuable in stroke prevention and management.

Pulse transit time (PTT) has been reported to be cor-
related with blood pressure, especially for the SBP [12–17],
and has been proposed as a potential surrogate of blood
pressure [18–20]. Pulse transit time can bemeasured between
the characteristic points of the electrocardiography (ECG)
and photoplethysmography (PPG) at peripheral sites [17, 21].
Since ECG and PPG measurements can be implemented
by wearable devices, PTT provides a very practical solution
for continuous blood pressure monitoring. A lot of studies
have focused on the blood pressure estimation by using PTT
[22–26] and different applications have been proposed based
on the blood pressure estimation methods [27–29]. Linear
model [17] was mostly adopted to describe the relationship
between blood pressure andPTT. But the linearmodel cannot
provide accurate estimation because PTT was found highly
correlated with SBP rather than diastolic blood pressure
(DBP) [30]. An accurate model describing the relationship
between PTT and blood pressure is crucial for the PTT-
based blood pressure estimation. Sophisticated models were
further proposed to enhance the accuracy of PTT-based
blood pressure estimation. Some studies investigated the
relationship between PTT and blood pressure under static
and exercise status [26, 31, 32]. Considering the relationship
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between PTT and blood pressure could vary from person
to person, calibration was proposed by some researchers to
design personalized estimation model [33, 34]. Some studies
took advantage of the hydrostatic pressure change in the
calibration [18, 35, 36]. Nevertheless, the major challenge
for PTT-based blood pressure measurement is to derive a
personalized estimation model.

Apart from the estimation accuracy, implementation of
the estimationmodel in a device for clinical or healthcare use
is the ultimate goal. The linear mapping between PTT and
blood pressure has not been proved to provide the best blood
pressure estimation. However, it is still the best applicable
for coarse blood pressure trend indications [37]. Therefore,
in present study, we proposed a new method for PTT-based
blood pressure estimation by integrating a compensation part
in the linear model, which was further combined with a new
calibration approach.

2. Methodology

A previous study pointed out that PTT variability had high
coherence with heart rate variability and blood pressure
variability [38], both of which reflect neural regulation of
cardiovascular system. Douniama et al. [37] also suggested
introducing variability information in PTT-based blood pres-
sure estimation to reflect the frequency-dependent arterial
vessel compliance and the autonomic nervous system on
vascular tone. Therefore, in current study, the variation in
PTT and PTT variability are regarded carrying important
information of blood pressure regulation and are integrated
into the traditional linear model as a compensation part.
Further, a posture-based calibration method was adopted
by using the hydrostatic pressure change to personalize the
estimation model for individuals.

2.1. Subjects and Devices. This study involved 31 healthy
subjects (aged from 23 to 25 years) without known car-
diovascular abnormalities. The subjects were recruited in a
university campus with submitting a written consent with
full understanding of the experiment procedure. Each subject
was asked to refrain from coffee and alcohol at least 2
hours and instructed about the procedures before conducting
the experiment. Then the experiment was carried out in a
temperature-controlled room (24 ± 2∘C) for all the subjects.

For the data collection, standard lead I ECG and reflective
PPG signals were recorded simultaneously by a self-designed
device at a sampling rate of 250Hz for each channel and
digitized by a 12-bit A/D converter. The ECG signal was
collected from the index fingertip of left hand and the index
and middle fingertips of right hand, while the PPG signal
was collected from the index fingertip of right hand at the
same time. Standard blood pressure was measured by an
oscillometry (OMRON HEM-7012, Japan) at subjects’ left
upper arms.

2.2. Experimental Protocol. The experiment procedure was
arranged into four sessions, namely, pretest, calibration sit-
ting, calibration standing, and estimation test. In pretest

Table 1: Procedure of routine data collection.

Tasks Duration Remarks
Keep the testing posture 2mins
ECG and PPG recording 3mins
Blood pressure measurement
Rest 5mins
Blood pressure measurement
Rest 5mins Optional
Blood pressure measurement

Table 2: Outline of the experiment.

Pretest 10-minute rest
Preparation

Calibration-sitting ECG and PPG recording
Blood pressure measurement

Calibration-standing
2-minute posture holding
ECG and PPG recording
Blood pressure measurement

Estimation-test (sitting)
2-minute posture holding
ECG and PPG recording
Blood pressure measurement

session, each subject was required to sit down and relax
for 10 minutes to stabilize his/her blood pressure. During
this time, the participant got prepared for the experiment,
such as wearing the sensors. The rest of the three sessions
followed a routine data collection procedure, which is shown
in Table 1. Considering the blood pressure fluctuation would
influence the calibration accuracy, the difference between
the blood pressure measurements by the oscillometry in
each session was checked. Specifically, for each routine data
collection, if the difference between the first two blood
pressure measurements was less than 5mmHg, the first
measurement was adopted as the blood pressure value for
this dataset. If the difference ranged between 5 and 10mmHg,
another measurement would be carried out after 5-minute
rest and the average of the three measurements would be
taken as the blood pressure value for this dataset. If the
difference exceeded 10mmHg, the experiment would be
ceased and another appointment would be made with the
participant. The measurements by oscillometry in the same
session were carried out under a peaceful situation so that
the blood pressure was supposed to be stable. When the
blood pressure measurements under the same conditions
exceeded 10mmHg, some unstable factor was supposed to
happen during the measurement. The unstable factor could
be a wrong operation of the experiment, motion artifact, or
unstable physiological status, which would also influence the
estimation results. Therefore, the data collected under such
situation were discarded.

The experiment outline is summarized in Table 2.
Between any two successive sessions, there was a rest with at
least 5 minutes. Specifically, data collected in the middle two
sessions were used for calibration and that in the last session
was used for blood pressure estimation. In the two calibration
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Figure 1: Pulse transit time is defined as the time interval between
the R-peak of ECG and the peak of PPG within the same cardiac
cycle.

sessions, the subject sat and stood upright during the data
collection, respectively.

2.3. Parameter Extraction. Ninety-three datasets were finally
recorded for the 31 subjects and processed offline. The raw
data were first filtered by a sliding window with window
length of 10 milliseconds. The beat-to-beat PTT was defined
as the time interval between the R-wave of ECG and the
peak of the PPG pulse within the same cardiac cycle (see in
Figure 1).Thefluctuation of the recorded signals was checked,
where the signal with large fluctuation was considered as
invalid because it might indicate an unstable physiology con-
ditions during the recording. By such criteria, one subject’s
data were removed. Finally, 90 datasets from 30 subjects were
included in the blood pressure estimation analysis.

2.4. Estimation Model. In previous study, it has been con-
firmed that the variation in PTT can reflect the blood pressure
changes [17] based on which linear model was proposed
for blood pressure estimation. However, no factor of blood
pressure regulation mechanism has been included in the
traditional linear model. Neural control is one important
BP regulation mechanism. Studies have shown that vital
cardiovascular parameters’ variability can reflect the neural
regulation [39–41]. Further, a previous study showed that the
variability in blood pressure and PTT has high coherence
[38]. Considering the feasibility of the model implemen-
tation, we chose to formulate the model based on the
traditional linear algorithm and integrate with the variation
and variability of PTT as the indication of neural control.
Finally, a blood pressure estimation model was formulated as
shown in the following equation:

BP = 𝑎
PTT
+ 𝑏 + 𝑐 ∗ VPTT + 𝑑 ∗ (PTTV − PTTV

0
) , (1)

where BP refers to blood pressure value; a, b, c, and d are
coefficient constants; PTT is the pulse transit time value for
estimation; PTTV is the PTT variability during the signal
recording, which is defined as (2); PTTV

0
is PTTV at the

Calibration-sitting session; and VPTT is the PTT variation at
the measurement time, which is formulated as (3):

PTTV = √
∑
𝑁

𝑖=1

(ΔPTT
𝑖
−mean(ΔPTT))2

𝑁 − 1

(2)

VPTT =
PTT − PTT

0

PTT
0

, (3)

where ΔPTT is the difference between any two successive
PTTs;N is the number of PTTused for variability calculation.
In present study,N was set to 5. Due to the signal fluctuation,
PTT value in (1) was set as the average of the 5measurements.
In other words, (1) can provide blood pressure estimation for
each beat based on past 5 measurements.

2.5. Calibration. Considering that the relationship between
blood pressure and PTT varies from subject to subject,
individual calibration is necessary for blood pressure estima-
tion. Specifically, the coefficient constants in (1) should be
calibrated for the individual blood pressure estimation. First,
all coefficient constants were derived by data regression by
using all collected data from the subjects. Then coefficient
constants 𝑎 and 𝑏 were further calibrated for each individual
by calibration.

Blood pressure would vary due to hydrostatic effect,
which provides an effective solution for the calibration [35,
42]. Different body postures, such as sitting and standing,
will result in different blood pressure situation. Therefore,
in current study, the scenario of personalized model cal-
ibration is to use the recorded PTT and blood pressure
values atCalibration-sitting andCalibration-standing sessions
to derive the value of 𝑎 and 𝑏 in (1). Thereafter, blood
pressure estimation was carried out on the dataset measured
in Estimation-test session.

3. Results

In order to evaluate the accuracy of the proposed method,
the estimated blood pressure values were compared with the
paired blood pressure measurements from the oscillometry.
Further, we also compared the blood pressure value estimated
from the proposed method with that by linear model, as
shown in the following equation:

BP = 𝑎
PTT
+ 𝑏, (4)

where 𝑎 and 𝑏 are coefficient constants and also calibrated
by the datasets from Calibration-sitting and Calibration-
standing sessions. For model implementation, in order to be
comparable with the proposed method, PTT value in (4) was
also set as the average of the 5 measurements. As a result,
the estimations from both the proposed method and the
traditional linear model were based on 5 measurements of
PTTs.
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(d) Correlation between standard DBP value and the estimation from
the proposed model

Figure 2: Correlation between the estimated blood pressure and the standard blood pressure for both linear model and the proposed model.

The correlation between any paired variables was ana-
lyzed by the correlation coefficient 𝑅2. The error between
paired variables was evaluated by the Bland Altman plot.
The linear regression was determined using the least squares
method. The results were presented in the form of mean ±
standard deviation (SD).

The blood pressure measured by the oscillometry was
regarded as the standard value. Correlation between esti-
mated blood pressure values from the two estimation mod-
els and the standard value was first analyzed, as shown
in Figure 2. It appears that both estimation models could
provide an acceptable estimation on SBP as the correlation
coefficient 𝑅2 around 0.96 (𝑃 < 0.001) for the estimation
results derived from two models. However, for the DBP, the
proposedmodel showed a better performance with 𝑅2 of 0.71
(𝑃 < 0.001), while it is 0.27 (𝑃 < 0.01) for the linear model
estimation results. The correlation analysis indicates that the
proposedmethod provides better estimation performance on
blood pressure especially for the DBP.

The mean estimation error of the proposed model was
−0.2 ± 2.4mmHg and −0.5 ± 3.9mmHg, while it was 0.1 ±
2.5mmHg and 1.3 ± 7.4mmHg from the linear model, for
the SBP and DBP, respectively. The result again showed that
the proposed method had a better performance on the DBP
estimation.This is evident in the Bland Altman plot shown in
Figures 3 and 4.

4. Discussions

As an important risk factor, blood pressure has prognostic
value for stroke. Continuous blood pressure measurement
will assist for the preventing and predicting of stroke. The
PTT-based blood pressure estimation provides the most
practical solution for the continuous measurement since the
required signal (ECG and PPG) can be obtained by wearable
devices. The purpose of this study was to develop a PTT-
based blood pressure estimation method with personalized
model and easy implementation.The underlying mechanism
blood pressure estimation is that pulse wave velocity, which
is the inverse of PTT, is directly determined by the elasticity
of vessel wall that is associated with blood pressure level
[43]. Wong et al. [44] carried out a longitudinal study to
show that PTT-based blood pressure estimation had a good
performance within half year but the estimation accuracy
went worse for longer time. Payne et al. [30] proved that pulse
wave velocity was deeply related to SBP but the estimation
of DBP was still barely satisfactory. Factors that contribute
to blood pressure regulation were suggested to be included
in the PTT-based blood pressure estimation model [18, 45].
Baek et al. [46] tried to take heart rate and arterial stiffness
into account for the blood pressure estimation model, which
improved the estimation accuracy. However, the multifactor
model is too complex for application.
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Figure 3: Bland Altman plot of estimation error of systolic blood pressure.

50 60 70 80 90

Es
tim

at
io

n 
er

ro
r

Average DBP

20

15

10

5

0

−5

−10

−15

−20

Error
Mean

Mean ± 2SD

Bland Altman plot

(a) By linear model

10

5

0

−5

−10

−15

50 60 70 80 90

Average DBP

Error
Mean

Mean ± 2SD

Es
tim

at
io

n 
er

ro
r

Bland Altman plot

(b) By proposed model

Figure 4: Bland Altman plot of estimation error of diastolic blood pressure.

Considering all above factors, we proposed a PTT-based
blood pressure estimation method including a new model
with compensation and calibration procedure. Hydrostatic
effect has been approved to be influencing blood pressure
level and included in current method in calibration to
derive personalized coefficients in the estimation model
for each individual [35, 47]. Sitting and standing postures
were adopted as the calibration procedure in current study.
The results showed that estimation from linear model with
calibration already can provide a good performance for SBP
estimation, indicating that personalized model is important
for blood pressure estimation. However, the estimation of the
DBPby the linearmodel with calibrationwas still poor, which
was consistent with previous reports [30].

It is well known that the variability in heart rate and blood
pressure carries important neural control information for the
cardiovascular system [39–41]. One previous study showed

that the variability in PTT had high coherence with that in
blood pressure, indicating that some regulating factors affect
both signals, simultaneously. Therefore, in current study, the
variation in PTT was included as one compensation part
to reflect the blood pressure change, while the variability in
PTT was adopted as the other compensation part to indicate
the neural control. The results made it evident that the
model with the compensation provided a better estimation,
especially for the DBP. It is possibly because the regulation
mechanism of DBP has been included in the estimation
model by employing the compensation. As a whole, the
modelwith compensation can provide a better blood pressure
estimation. Variability in PTT has potential to improve the
blood pressure estimation.

The proposed model has shown promising potential for
continuouslymonitoring blood pressure. As the risk of stroke
is much dependent on the blood pressure level [5–7], such a
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method would help blood pressure control and enhance the
hypertension management, especially for stroke patients. It
will be much helpful if such a method can be introduced in
the stroke rehabilitation to achieve a better blood pressure
control. Patientsmust benefit from the hypertensionmanage-
ment for preventing stroke or predicting stroke.

Although the current study shows promising results,
there is one limitation. This study only tested the proposed
method on healthy young subjects. It is well known that
in hypertension patients, the blood pressure regulation is
different from the healthy. Suchmethod needs to be validated
further on people with different conditions, such as patients
with stroke and hypertension.
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Stroke is a common neural disorder in neurology clinics. Magnetic resonance imaging (MRI) has become an important tool to
assess the neural physiological changes under stroke, such as diffusion weighted imaging (DWI) and diffusion tensor imaging
(DTI). Quantitative analysis of MRI images would help medical doctors to localize the stroke area in the diagnosis in terms of
structural information and physiological characterization. However, current quantitative approaches can only provide localization
of the disorder rather than measure physiological variation of subtypes of ischemic stroke. In the current study, we hypothesize
that each kind of neural disorder would have its unique physiological characteristics, which could be reflected by DWI images on
different gradients. Based on this hypothesis, a DWI-based neural fingerprinting technology was proposed to classify subtypes
of ischemic stroke. The neural fingerprint was constructed by the signal intensity of the region of interest (ROI) on the DWI
images under different gradients. The fingerprint derived from the manually drawn ROI could classify the subtypes with accuracy
100%. However, the classification accuracy was worse when using semiautomatic and automatic method in ROI segmentation.The
preliminary results showed promising potential of DWI-based neural fingerprinting technology in stroke subtype classification.
Further studies will be carried out for enhancing the fingerprinting accuracy and its application in other clinical practices.

1. Introduction

Magnetic resonance imaging (MRI) has been widely
employed in research as well as in clinical practice. For
instance, diffusion weighted imaging (DWI) and diffusion
tensor imaging (DTI) technologies provide remarkable
detailed information of nervous system and have become
the important examinations for neural diseases diagnosis
in neurology department of hospital. Specifically, DTI
measures the water diffusion situation in neural fibre so that
it is frequently used to investigate the abnormal diffusion
in the brain. Based on DWI principles, DTI can provide
the contrast of the diffusion anisotropy that was further
developed to trace the fibre tracts [1]. Both DWI and DTI
technologies produce special contrast of nervous system
in terms of diffusion ability, fibre integrity, fibre bundle

directions, and so forth. In order to take advantage of these
neuroimaging approaches, quantitative analysis is crucial for
the image interpretation, which is also important for clinical
applications. Quantitative measures, such as mean diffusivity
(MD) and fractional anisotropy (FA), were proposed to
measure the cellular diffusion state and the anisotropy of
fibre tract in white matter [2] based on DTI. An increasing
number of quantitative methods were introduced to DTI
data analysis, such as voxel-based analysis (VBA) [3] and
tract-based spatial statistics (TBSS) [4, 5].Thesemethods can
automatically localize the lesion in the brain by comparing
patients’ images with a normal control group [6]. However,
the existing quantitative analysismethods ofDTI are sensitive
to the lesion location but not the physiological changes in
nature. For instance, a lesion in the brain can be localized by
VBA according to the FA value changes while the inherent
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physical meaning for such changes cannot be reflected
by this analysis. According to the imaging principles,
images of DTI and DWI can not only provide structural
information but also contain physiological meanings [7].
Further development on the quantitative analysis will
facilitate interpretation of DWI data that is much helpful in
both neuroscience research and clinical practice.

Stroke is a common neural disease especially for the
elderly and the people with hypertension [8]. In clinical
applications, DWI has shown accurate identification of
ischemic tissue and the ability to discriminate between
dead and salvageable ischemic brain [9–11]. Acute ischemic
lesions in DWI can be detected with greater sensitivity than
conventional MRI, such as T1 and T2 weighted imaging [12–
15]. Besides, defining different stroke states by MRI images
is important to follow up patients’ response to a therapy.
It is reported that decreased apparent diffusion coefficient
(ADC) values indicate good sensitivity and specificity in an
infarct less than 10 days old [16]. Appearances onDWI images
following stroke also vary in different states [17]. However,
the performance of acute infarct detection or stroke state
determination is unsatisfactory by simply identifying hyper-
intensity or hypointensity on DWI images by thresholding
[18]. Current quantitative measures, such as ADC and FA
[19], are employed to provide different contrasts of lesion
to identify the infarction area and location. Better utility
of DWI and DTI data would make it possible to identify
subtypes of stroke, which will enhance the diagnosis of
physiological variation of the patients and thus affect further
clinicalmanagement. A quantitativemeasure, which contains
comprehensive features of the nerve, should be developed
to exploit the rich information in DWI images for detecting
subtypes of ischemic stroke.

In this study, we proposed a method called DWI-based
neural fingerprinting to characterize the neural physiological
changes that can be used for subtype classification of ischemic
stroke. The “fingerprinting” concept was borrowed from
magnetic resonance fingerprinting (MRF) [20] technique,
permitting the accelerating acquisition of multiple magnetic
resonance parameters, while in current proposal the “fin-
gerprint” refers to a feature vector constructed from the
DWI images with different diffusion gradients that contains
comprehensive neural information. As anisotropy measure-
ment shows sensitivity to degrees of fibre damage in disease
affecting white matter [21–23], we hypothesize that specific
diffusivity changewithin ischemic stroke could be considered
as a fingerprint reflecting unique neural property. Therefore,
pathological changes within the infarction of patients after
stroke would be associated with the fingerprint extracted
from the DWI data with different gradients. By applying
clustering algorithms on the fingerprints, the subjects can
possibly be classified into normal controls, patientswith acute
stroke, and patients with stroke sequela.

2. Methodology

2.1. Data Acquisition and Image Preprocessing. The present
study adopted retrospective clinical data from the Neurology

Department of PekingUniversity ShenzhenHospital. Clinical
data from 19 subjects (13 men and 6 women, 49 ± 19
years old) were collected, where MRI examinations with
the same protocol were conducted on the subjects. The 19
subjects were diagnosed as eight healthy people (4 men and
4 women, 31 ± 4 years old), eight with acute stroke lesions
(6 men and 2 women, 64 ± 15 years old), and three with
stroke sequela (3 men, 58 ± 8 years old). For the 11 patients
with acute stroke and stroke sequela, 11, 10, and 9 lesions
were located in the internal capsule, the striatocapsular,
and the motor cortex, respectively. Extensive information
about participants’ health status has been obtained through
symptomatic evaluation. The diagnosis reports were issued
by two neurologists in the Peking University Shenzhen
Hospital. All the participants underwent MR imaging with
1.5 T Siemens Sigma System (Siemens Medical Systems). The
typical MRI protocol consisted of turbo spin echo (TSE)
sequence to generate T2 weighted images (TE = 89ms; TR
= 4000ms; flip angle = 150∘; acquisition matrix = 768 × 624;
FOV = 230 × 187mm2) and single-shot echo-planar spin-
echo (EPSE) sequence to obtainDWI images (TE= 88ms; TR
= 2700ms; flip angle = 90∘; acquisition matrix = 128 × 128;
FOV = 250 × 250mm2; in-plane resolution 1 × 1mm2; b =
1000 s/mm2; 20 diffusion weighted gradient directions and
1 without diffusion weighting). Nineteen axial sections in
6.5mm slice gap with 5mm thickness were obtained.

The 20 DWI images in Digital Imaging and Communi-
cations in Medicine (DICOM) format of each subject were
imported into the SPM8 software (Welcome Trust Centre,
UCL) for preprocessing [24], involving spatial normalization
to the standard MNI space [25, 26] and Gaussian smoothing
(FWHM of 3mm) [27].

2.2. ROI Segmentation and Fingerprint Construction. Obtain-
ing diffusion weighted signals of the infarct is much depen-
dent on the accurate localization of infarct area. Three meth-
ods were used in the present study, named manual, semiau-
tomatic, and automatic ROI segmentation. The manual ROI
was segmented by clinicians, which was also supposed to be
the reference for the semiautomatic method.

First, the manual ROI was defined by clinicians. For
stroke patients, two experienced neurologists blinded to clin-
ical symptoms drew target ROI of stroke lesion independently
on T2 weighted images while taking the T1 and ADC images
as reference. To evaluate the drawing agreement of different
operators, the error of ROI’s areas and center coordinates
regarding each participant were evaluated by Bland-Altman
plots and correlation coefficients. The interrater reliability of
ROI is shown in Figures 1 and 2. All evaluation measures
show good agreement between the two operators (correlation
coefficients > 0.95) to guarantee robust and accurate ROI
segmentation. Then, the intersection parts of ROIs were
mapped to the corresponding DWI images to produce the
final infarct location through multimodal registration, as
shown in Figure 3. For normal subjects, one arbitrary cerebral
hemisphere was selected as target ROI to be investigated
as there was no infarct in their brain. The manual ROI
was supposed to provide the most accurate segmentation on
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Figure 1: Bland-Altman plot of ROI between two raters.

the stroke lesion due to the professional knowledge of the
operators.

A semiautomatic method for ROI location was proposed
based on morphological segmentation. Firstly, DWI images
of each participant were registered to a normal brain tem-
plate. Then, we averaged 20 slices of registered DWI images
into one image for each subject. Three stroke subjects were
arbitrarily selected from normal subjects, patients with acute
stroke, and patients with stroke sequela, respectively. The
ROIs were drawn accordingly to provide necessary references
to differentiate normal brain tissue and stroke lesions. Image
signal intensity was compared voxelwise between the ROI
and the mirror area on the opposite hemisphere for each

subject. The histogram of the signal intensity difference was
mapped to derive the optimal thresholds to differentiate
the lesion from the normal brain tissue. Figure 4 shows the
probability density function based on the histogram, where
two optimized thresholds were determined as the criteria for
lesion identification. Then, the two thresholds were used for
lesion ROI segmentation on other patients’ DWI images.

In order to segment the lesion ROI automatically, we also
proposed a TBSS based method. We hypothesized that the
stroke lesion in the brain would contain water diffusibility
changes that vary the fractional anisotropy of the pixel.Then,
through TBSS approach, pixels with significant FA change
were detected and used to compose the lesion ROI. This
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(a) (b)

Figure 3: Manual drawings of ROIs of stroke lesion on DWI images.The stroke lesion was observed in the brain DWI image. (a) T2 weighted
image facilitated infarct location on the corresponding DWI images. (b) Stroke lesion was localized in DWI image (blue circle) by image
registration with T2 image, while the contralateral region generated automatically in red.
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method was implemented using FMRIB Software Library
(FSL 4.1.9; http://www.fmrib.ox.ac.uk/fsl) [28]. First of all, a
brain template in the software was identified as a common
registration target. We aligned all subjects’ FA images to
this target by nonlinear registration. Then, a skeletonised
mean FA image was created by a nonmaximum suppression
perpendicular to the local tract structure. Each subject’s FA
image (aligned) was projected onto the skeleton by filling
the skeleton with FA values from the nearest relevant tract
center. Finally, based on the voxelwise statistics across the
stroke patients and the normal controls, the target ROI was
defined as the voxels with significant difference (uncorrected
𝑃 < 0.005), as illustrated in Figure 5.

After segmenting the target ROIs with the above three
methods, neural fingerprints can be constructed from them,
respectively, to reduce intersubject variations in DWI inten-
sity, the mirror ROI (the contralateral region) corresponding
to the target ROI was used as a reference. An example of
mirror ROI from the manual segmentation is shown by the
red circle generated automatically in Figure 3. The design
of diffusion gradients is also critical for the construction
of neural fingerprints. Considering that the arrangement of
diffusion gradients in the three-dimensional space did not
affect classification of neural fingerprints only if applying a
constant order, we applied 20 diffusion gradients distributed
randomly in a constant order in every subject’s DWI data.
The neural fingerprint for each ROI segmentation method is
defined as a vector of 20 elements. Each element is a ratio
between the mean image intensities within the target ROI
and the mirror ROI calculated with each diffusion gradient.
An example of neural fingerprint from manual ROI in DWI
images is shown in Figure 6.

2.3. Clustering. To validate the DWI-based neural finger-
printing method, unsupervised learning was employed to
cluster the nineteen subjects. Fingerprints used are the

ratio values calculated from manual, semiautomatic, and
automatic ROIs, respectively. As the clustering metrics, two
types of distance were employed [29].The Euclidean distance
was calculated as follows:

𝐷
𝐸
= √(xs − xt) (xs − xt)



, (1)

where xs and xt are feature vectors of two subjects (the princi-
pal components of average image signal intensity sequences).
The Cosine distance was calculated as follows:

𝐷
𝐶
= 1 −

xsxt
√(xsxs) (xtxt)

. (2)

The K-means algorithm [30, 31] was performed for finger-
print clustering. By setting the number of clusters k, each
observation was assigned by minimizing the least within-
cluster sum of squares (WCSS) until the assignments no
longer change. WCSS was defined as follows:
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We compared 6 sets of clustering results obtained using the
combinations of the three ROI methods and the two distance
metrics (Euclidean and Cosine distance), respectively.

To evaluate the clustering results, F score, a common
metric to estimate how close the clustering is to the prede-
termined benchmark classes, was calculated as follows [32]:
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where 𝑃 is the preclassified sample clusters and 𝑠 is its
corresponding number of clusters. 𝐶 is the sample clusters
and 𝑚 is its corresponding number of clusters. Precision
𝑃(𝑃
𝑗
, 𝐶
𝑖
) is the correct results divided by the number of all

returned results, and recall 𝑅(𝑃
𝑗
, 𝐶
𝑖
) is the number of correct

results divided by the results that should have been returned
[33]. The F score can be interpreted as a weighted average of
the precision and recall, where F score reaches its best score
at 1 and worst score at 0.

3. Results

Based on the fingerprint, the clustering results are shown in
Table 1. The clinical diagnosis in the first column is taken
as the standard reference, where “1” represents the normal
control, “2” represents the group with acute stroke lesions,
and “3” represents the group with stroke sequela. For the
manual ROI method, it can be observed that clustering
result approached 100% accuracy with Euclidean distance.
In other words, the fingerprint based on the manual ROI
with Euclidean distance gives the best clustering performance
compared to others. However, the accuracy is relatively poor
when applying Cosine distance (accuracy = 68%, 95% CI:
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(a) (b)

Figure 5: Automatic ROI generation on FA map by TBSS. (a) Blue regions indicate significantly decreased FA (𝑃 < 0.005) in patients with
stroke relative to normal controls. (b)White regions indicate the corresponding lesion ROIs. Green regions represented themean FA skeleton.
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Figure 6: An example of neural fingerprints from manual ROI in
DWI images. These neural fingerprints are averaged from manual
ROI method. Blue curve represents the normal control; red curve
represents the acute stroke group; green curve represents the stroke
sequela group.

48%–89%). For the semiautomatic segmentation method,
two subjects with acute stroke (Subjects 13 and 15) were falsely
included into the normal groupwith Cosine distance, and the
corresponding accuracy remained at high level (accuracy =
89%, 95% CI: 76%–97%). It indicates that the semiautomatic
method is only sensitive to stroke sequela. With Euclidean
distance, the accuracy for semiautomatic method is 74%
(95% CI: 54%–93%). For automatic TBSS method, mismatch
occurs muchmore frequently in all of the three groups, as the

1
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Figure 7: F scores using two distance metrics combined with man-
ual, semiautomatic, and automatic ROIs. ME: Euclidean distance
using manual ROI; MC: Cosine distance using manual ROI; SE:
Euclidean distance using semiautomatic ROI; SC: Cosine distance
using semiautomatic ROI; AE: Euclidean distance using automatic
ROI; AC: Cosine distance using automatic ROI.

accuracy with Euclidean and Cosine distance is 58% (95%CI:
36%–80%) and 63% (95% CI: 41%–85%), respectively.

The comparison between F scores provides an overall
clustering evaluation for each method, as shown in Figure 7.
F score of the manual ROI method with Euclidean dis-
tance shows accurate clustering performance (F = 1). The
difference of F scores between two distances for manual
method is relatively larger than that in othermethods. For the
semiautomatic segmentation method, the F scores are higher
(i.e., 0.75 and 0.89) than those in automatic TBSS method
(i.e., 0.6 and 0.66) with both distances. In other words,
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Table 1: Clustering result and evaluation.

Clinical reference Manual ROI Semiautomatic ROI Automatic ROI
Euclidean
distance

Cosine
distance

Euclidean
distance

Cosine
distance

Euclidean
distance

Cosine
distance

Subject 1 1 1 1 1 1 1 1
Subject 2 1 1 1 1 1 1 1
Subject 3 1 1 1 1 1 1 1
Subject 4 1 1 1 1 1 1 3
Subject 5 1 1 1 1 1 1 1
Subject 6 1 1 1 1 1 1 1
Subject 7 1 1 1 1 1 3 1
Subject 8 1 1 1 1 1 3 1
Subject 9 2 2 1 3 2 1 3
Subject 10 2 2 2 3 2 2 3
Subject 11 2 2 1 2 2 2 2
Subject 12 3 3 3 1 3 3 3
Subject 13 2 2 1 2 1 1 3
Subject 14 2 2 1 2 2 2 2
Subject 15 2 2 2 2 1 2 2
Subject 16 3 3 3 1 3 2 2
Subject 17 2 2 1 3 2 3 1
Subject 18 2 2 1 2 2 3 3
Subject 19 3 3 3 1 3 1 3
𝐹 value 1 0.69 0.75 0.89 0.6 0.66
Clinical reference classification and DWI-based neural fingerprinting clustering results are shown. For the clinical reference, 1 represents the normal control;
2 represents the group with acute stroke lesion; and 3 represents the group with stroke sequela. For manual, semiautomatic, and automatic ROI methods,
different numbers are different clustering labels.

the clustering of semiautomatic method provided a better
classification result than that of automatic TBSS method.

4. Discussions

With the development of neuroimaging technology, the
detection and analysis of ischemic stroke relying on MRI
have achieved high reliability and availability. T1, T2, DWI,
DTI, and ADC maps are commonly used in clinics to detect
stroke lesions based on hyperintensity or hypointensity on
the images. Medical doctors usually check several types
of MRI images to determine the subtypes of the ischemic
stroke lesion. The DWI-based neural fingerprinting method
presented here is a new quantitative approach, which takes
advantage of diffusion weighted data to construct a feature
vector representing the unique neurophysiological informa-
tion of the brain tissue. We further applied the fingerprint to
determine the subtypes of ischemic stroke which can be only
based on the DWI images on different diffusion gradients.
The fingerprint produced in this study can quantitatively
measure pathological change of neural tissue, which reflects
the specific states of stroke lesions, as shown in Figure 6.
The preliminary results basically validated the hypothesis
that neural physiological change in ischemic stroke can be
reflected by the diffusion signal variation on different gradi-
ents. Further, the fingerprint proposed in current study can be

used for subtype determination for ischemic stroke. Based on
neural fingerprint technology, it is possible to further develop
a tool to assist medical doctors in the diagnosis of stroke
disease.

For the fingerprint generation, lesion ROI segmentation
is a key step for the final clustering results. It appeared
that the manual ROI method yielded the best clustering
result among the three segmentation methods. As shown
in Table 1, a perfect match between clustering results and
clinical reference occurs when manual ROI with Euclidean
distance was used (F score = 1). It indicates that different
phases of ischemic stroke could be distinguished accurately
when lesions have been perfectly localized and distance has
been properly defined. It also implies that DTI protocol is
suitable to generate fingerprints for ischemic stroke. The
precise mechanism leading to diffusion changes of ischemic
stroke is still not for certain. Wallerian degeneration in the
nervous system was found in animal model [34], which
involved the breakdown of the myelin sheath and disinte-
gration of axonal microfilaments [35]. Although disruption
of myelin and axons around acute infarct lesions might be
expected to increase the water diffusivity, an accumulation
of cellular debris from the breakdown of axons may hinder
water molecule motion [36], which is more likely to occur
in late stage of stroke. Another explanation could be the
redistribution of extracellular water into the intracellular
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compartment, which leads to the shrinkage of extracellular
space overtime [37]. These scientific findings may explain
why the fingerprint constructed by the DTI images can
distinguish the subtypes of the ischemic stroke.

The semiautomatic and automatic ROI segmentation
methods were proposed to develop automatic neural finger-
print construction method. The F scores for both methods
are lower than those obtained in manual ROI with Euclidean
distance. It is probably due to the inaccuracy in the ROI
localization of stroke lesions. For the semiautomatic method,
the thresholds were determined only by three subjects’ data,
which may not reflect the comprehensive features of the
lesion. More samples in the training set are necessary to
improve a priori knowledge of the lesion feature. As for the
automatic method, the inherent hypothesis, FA value varied
significantly for stroke, may not be perfect for the ischemic
stroke lesion. In addition, FA images without diffusion tensor
orientation information could contribute to false location of
significantly abnormal areas. Another limitation may come
from the TBSS itself. Usually TBSS method is based on
the group comparison, not for single brain lesion detection.
The weighting of one specific lesion from a single patient is
weakened by the group statistical analysis.The semiautomatic
segmentation method overcomes the constraints of TBSS;
thus, it has a better discrimination as shown in the clustering
result. But the subjects with acute stroke and the normal
control fail to be classified perfectly, probably because that
threshold 1 with mixed area under curve is more difficult
to determine than threshold 2 (Figure 4). The clustering
result also implies that appropriate distancemetrics should be
used to achieve sufficient discriminative power ofDWI-based
neural fingerprinting. The investigation of optimal distance
metric is one of the future works.

The current study is the first effort trying to construct a
fingerprint representing neurophysiological information and
we implemented the technology on ischemic stroke classifi-
cation. As an ongoing research, a system should be finally
built up to achieve the true fingerprinting function, that is,
identification. The identity here refers to the neural specific
physiology, which can be represented by a unique fingerprint.
In the current study, we chose to use the DWI images on
different diffusion gradients to construct the fingerprint.
Other MRI protocols are also possible for fingerprint con-
struction once the protocol can provide unique pattern of
specified neural physiology. Huge efforts should be carried
out to construct a fingerprint bank, which covers massive
amounts of neural fingerprints with matched information
(age, gender, pathology, etc.). Then, the neural fingerprint-
ing technology can be finally realized by providing neural
fingerprint identification or verification through comparing
an arbitrary neural fingerprint that comes from a patient to
the fingerprint bank. Many applications can be rooted from
the neural fingerprinting technology, such as autodiagnosis
and risk evaluation for some diseases. Despite the specific
brain disease detection, the quantification of general neural
property distributed in the whole nervous system relies on
the integrated fingerprint bank. Building up thewhole system
would involve the professional knowledge and efforts from

the medical doctors, biologists, engineers, MRI physicists,
and so forth.

In conclusion, this preliminary study demonstrated that
the proposed DWI-based neural fingerprinting method had
the potential to classify brain abnormalities, such as acute
stroke and stroke sequela, due to its ability to exploit
comprehensive information contained in DWI data. Further
development on such technology could assist clinical practice
in the future.
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Glass micropipettes are widely used to record neural activity from single neurons or clusters of neurons extracellularly in live
animals. However, to date, there has been no comprehensive study of noise in extracellular recordings with glass micropipettes.The
purpose of this work was to assess various noise sources that affect extracellular recordings and to create model systems in which
novel micropipette neural amplifier designs can be tested. An equivalent circuit of the glassmicropipette and the noisemodel of this
circuit, which accurately describe the various noise sources involved in extracellular recordings, have been developed.Measurement
schemes using dead brain tissue as well as extracellular recordings from neurons in the inferior colliculus, an auditory brain nucleus
of an anesthetized gerbil, were used to characterize noise performance and amplification efficacy of the proposed micropipette
neural amplifier. According to our model, the major noise sources which influence the signal to noise ratio are the intrinsic noise
of the neural amplifier and the thermal noise from distributed pipette resistance. These two types of noise were calculated and
measured and were shown to be the dominating sources of background noise for in vivo experiments.

1. Introduction

Neurons in the brain communicate via action potentials,
which are small and fast changes in the voltage of the
cell membrane [1]. During periods of inactivity, the cell
membrane of a neuron is typically hyperpolarized to about
−60mV (cell’s interior environment negative). During peri-
ods of activity, the membrane potential depolarizes and
subsequently repolarizes over a period of about one to several
milliseconds [1]. Action potential is the unit of information
processing in neurons, and as a result many neuroscience
research projects involve recordings of action potentials or
action potential sequences from single neurons or neural
networks. One way to record action potentials is to use high-
impedance extracellular electrodes that are advanced into

brain tissue and placed directly next to a single neuron,
allowing for the extracellular recording of action potentials
through the electrode [2–6].The signal is sent to an amplifier,
digitized, and subsequently evaluated [7]. For extracellular
recording, the action potential voltage can be as low as
just a few microvolts, making it challenging to record it
reliably against various sources of noise. Alternatively, an
investigator may attempt to impale the neuron of interest
with the electrode or to establish an electrical connection
to the neuron’s interior via a patch clamp. While these
techniques result in larger signalswhich are easier tomeasure,
intracellular or patch-clamp techniques are very challenging
in live animals,making extracellular recordings the technique
of choice for many investigators.
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Voltage spikes acquired in extracellular recording are
typically between 50 𝜇V to 500𝜇V peak-to peak, with rise
times of 0.2ms or more and pulse durations of 1ms or
more [8]. Amplification is required before these small signals
can be analyzed. In addition, several intrinsic and extrinsic
noise sources are present during the recordings, affecting
the signal-to-noise ratio of the measured voltages. Thus, it
is not only important to use low-noise recording amplifiers,
but also an understanding of these noise sources is required
such that a strategy to eliminate or to minimize them can
be developed. Several studies [8–18] have been published
describing designs of low noise neural acquisition amplifiers,
and a variety of commercially available amplifiers currently
exist in the market and are used by neuroscientists. However,
most of these studies only discuss how to reduce the intrinsic
noise of the amplifier. Discussions of various biological noise
sources as well as the electrode noise are largely lacking.
For example, the role of the electrode’s input impedance,
which is one of the important parameters for extracellular
recordings, has not received much attention in many designs
[10–12, 14–18]. Choosing electrodes with suitable impedances
makes the amplifier design appropriate for recording local
field potential, which results from the activity of small neural
networks, or appropriate for recording activity from a single
neuron extracellularly.

For in vivo recordings from neurons, both Yang et al.
[19] and Lopez et al. [20] have proposed noise models to
study the multiple noise sources that need to be considered
for the recording. However, these models are largely based
on the use of metal electrodes, such as tungsten, platinum,
or titanium nitride electrodes, not glass micropipettes. Metal
electrodes generally have better noise performance than glass
micropipette electrodes [13, 19, 20]. For example, Millar
and Barnett [13] reported that there is 65 𝜇V peak-to-peak
thermal noise generated from a 1MΩ glass micropipette over
a recording frequency range between 100Hz to 8 kHz, while
a tungsten electrode in the same condition usually shows
a noise level of ∼20–50𝜇V peak-to-peak. The reason that
noise generated from a metal electrode is less than that of
a glass micropipette is because the impedance of a metal
electrode is largely capacitive [21], resulting in a smaller real
component (resistance) to generate thermal noise. While
these types of metal electrodes are widely used, they have
some disadvantages. For example, metal electrodes cannot
easily be combined with microiontophoretic drug testing
[22–45]. Also, glass pipettes are typically produced by the
investigator with programmable electrode pullers that allow
for the adjustment of many different parameters, resulting
in virtually endless possibilities in adjusting the shape of the
electrode tip [4, 46]. Finally, only glass pipettes can be filled
with dyes, viral constructs, tracers, and other materials that
can be ejected during the experiment for various purposes
[47, 48]. One example is that we have developed a piggyback
multibarrel glass pipette system tomeasure neural signals and
to simultaneously inject chemical agents tomanipulate neural
responses [23]. It is therefore not surprising that both glass
and metal electrodes are widely used.

A number of noise models have been proposed for
various forms of neural recording [8–16, 18–20, 49]. Yet there

is still a lack of a comprehensive noise model to describe
extracellular neural recording using glass micropipettes as
the recording electrode. For example, most of the studies
[10–12, 14–18] only described intrinsic noise generated by the
amplifiers themselves. Chae et al. [9], Budai [8] and Millar
and Barnett [13] discussed the additional noise of power-
line interference but noise of biological origins and noise
generated from electrodes were not included in their models.
Yang et al. [19] and Lopez et al. [20] included both biological
and electrode noise but their models are for metal electrodes
only.When using glassmicropipettes as recording electrodes,
other noise sources, such as dielectric noise generated from
the distributed capacitance of the glass pipette wall [49,
50], have to be considered. Reference [49] modeled the
glass micropipette which has a membrane-to-glass seal to
describe the situation of intracellular recording inside the cell
membrane of a neuron. In extracellular recording single cells
selectively are determined by the position of themicropipette
tip relative to the cell membrane. Additional noise will
arise from nearby cells and from the cerebrospinal fluids.
Therefore, a comprehensive mathematical model to describe
all noise generated during extracellular recording using glass
microelectrodes is necessary and is proposed in this paper.

The purpose of this study is to propose an equivalent
circuit model and a noise model for in vivo extracellular
neural recording using glass micropipettes and to test models
using a two-stage amplifier design. Experiments using dead
brain tissue from a gerbil and also directly measuring neural
activities triggered by external auditory stimulations from the
brain of an anesthetized gerbil were performed to further
verify our models. According to our simulation and exper-
imental results, the major noise sources which influence the
signal-to-noise ratio (SNR) are the intrinsic noise of neural
amplifier and the thermal noise from distributed pipette
resistance.

2. Methods

The purpose of this study was to assess the various noise
sources that affect extracellular recordings and to create
model systems in which novel amplifier designs could be
tested. In the first part of this manuscript, we develop an
equivalent mathematical model that accurately describes the
various noise sources involved in extracellular recordings
with glass micropipettes. In the second part, we describe
several measurement schemes to measure noise performance
and the amplification efficacy of the proposed micropipette
neural amplifier.

2.1. Circuit Modeling for Micropipette Neural Amplifier

2.1.1. Equivalent Circuit Model of a Micropipette for Extracel-
lular Neural Recording. Figure 1(a) is the equivalent circuit
model of a glass micropipette connected to the front-end of a
neural signal amplifier for in vivo extracellular neural record-
ing in a live rodent. This model is based on previous studies
which examine the various physical phenomena attributed to
noise generated in extracellular recording [8, 13, 19, 20, 49–
56]. Our goal is to provide a unified yet simple mathematical
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Figure 1: (a) Equivalent circuit model of a micropipette used for in vivo extracellular neural recordings of conscious animals. 𝑉
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𝑛𝑡

: noise generated from
nontarget neurons; 𝑉2

𝑅𝑡

: thermal noise generated from equivalent resistor between the micropipette tip and the ground; 𝑉2
𝐶𝑔

: dielectric noise
of the micropipette wall; 𝑉2

𝑝

: environmental noise; 𝑉2
𝑅𝑒

: thermal noise generated by the distributed resistance of the electrolyte; 𝑉2
𝐴

: intrinsic
noise of the neural amplifier;𝑍

𝑝

: equivalent impedance between the amplifier and the power line.𝑉2total: total noise of the micropipette neural
amplifier).

model to help understand the important noise factors for
neural recordings. For these types of in vivo recordings, the
micropipette tip is typically positioned outside of but very
close to the cellmembrane. As shown in our equivalent circuit
model, 𝑉

𝑛
and 𝑉

𝑛𝑡
represent the extracellular neural voltages

generated by a target neuron which one would like to record
and other nontarget neurons surrounding the target neuron,
respectively. 𝑅

𝑛
and 𝑅

𝑛𝑡
are the equivalent resistance which

span between the respective neurons (target and nontarget)
and the glass micropipette tip. The resistance of 𝑅

𝑛
and

the resistance of 𝑅
𝑛𝑡
are proportional to both the electrical

resistivity of the cerebrospinal fluid and the distance between
the membrane of the respective cells and the micropipette
tip. In addition, the resistive values of 𝑅

𝑛
and 𝑅

𝑛𝑡
largely

depend on the physical locations of the neurons against the
micropipette tip. If the opening of the micropipette tip is
directly above the target neuron, the majority of the ionic
current induced at the neuron membrane can be captured by
the micropipette tip; hence, the resistance 𝑅

𝑛
is significantly

reduced. On the other hand for the surrounding nontarget
neurons, the ionic currents generated by these neurons will

have difficult time getting inside themicropipette and instead
will be dispersed in the cerebrospinal fluid and eventually
captured by the ground, resulting in a significant increase of
the 𝑅
𝑛𝑡
resistance to the micropipette tip. For this reason, 𝑅

𝑛𝑡

is assumed to be significantly larger than 𝑅
𝑛
(𝑅
𝑛𝑡
≫ 𝑅
𝑛
). 𝑅
𝑡

is an equivalent resistor representing the electrical resistance
between the ground and the micropipette tip. 𝑅

𝑡
is also

proportional to both the cerebrospinal fluid resistivity and the
distance between the micropipette tip and the ground.
𝑉tip is the voltage at the opening of the micropipette tip

and can be estimated based on the neural voltages and the
equivalent resistances of cerebrospinal fluid,

𝑉tip = 𝑉𝑛
𝑅
𝑛𝑡
‖ 𝑅
𝑡

𝑅
𝑛
+ 𝑅
𝑛𝑡
‖ 𝑅
𝑡

+𝑉
𝑛𝑡

𝑅
𝑛
‖ 𝑅
𝑡

𝑅
𝑛𝑡
+ 𝑅
𝑛
‖ 𝑅
𝑡

= 𝑉
𝑛

1

𝑅
𝑛
/ (𝑅
𝑛𝑡
‖ 𝑅
𝑡
) + 1

+ 𝑉
𝑛𝑡

1

𝑅
𝑛𝑡
/ (𝑅
𝑛
‖ 𝑅
𝑡
) + 1

.

(1)
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One method of understanding how neurons of a specific
brain area process information involves measurements of
neural voltages generated from single neurons. To do this, the
pipette tip is placed very close to the target neuron, resulting
in the resistive value of 𝑅

𝑛
significantly smaller than those of

𝑅
𝑛𝑡
and 𝑅

𝑡
. Thus, 𝑅

𝑛
/(𝑅
𝑛𝑡
‖ 𝑅
𝑡
) ≈ 0 and 𝑅

𝑛𝑡
/(𝑅
𝑛
‖ 𝑅
𝑡
) ≫ 1,

and (1) reduces to

𝑉tip ≈ 𝑉𝑛. (2)

If a blunt micropipette tip is used for in vivo extracellular
recording, several neurons can be simultaneously located
under the tip of the micropipette (𝑅

𝑛
≈ 𝑅
𝑛𝑡
), as shown

in Figure 1(b). In this case, 𝑉tip will pick up voltages from
multiple neurons, which is not desirable for understanding
specific neural function.

The inside of the micropipette can be further modeled.
A liquid junction potential is formed inside the pipette due
to the ionic concentration difference between the electrolyte
in the glass micropipette and the cerebrospinal fluid. In
addition, a half-cell potential is also present due to the
electrode-electrolyte interface. These two potentials can be
modeled together by a voltage source (𝐸

𝑗
) in our equivalent

circuitmodel.𝑅
𝑒
is the distributed resistance of the electrolyte

filled inside the micropipette. 𝐶
𝑔
is the equivalent capacitor

between the electrolyte and the electrical ground located in
the cerebrospinal fluid separated by the glass wall of the
micropipette. Finally, 𝑍in and 𝑉in are the input impedance
and the input voltage of the analog amplifier, respectively.
Therefore,𝑉in can bemodeled based on the equivalent circuit
model of the micropipette as follows:

𝑉in ≈ (𝑉tip + 𝐸𝑗)
𝑍
𝐶𝑔
‖ 𝑍in

𝑅
𝑒
+ 𝑍
𝐶𝑔
‖ 𝑍in

, (3)

where𝑍
𝐶𝑔
= 1/𝑗2𝜋𝑓𝐶

𝑔
and𝑓 is the working frequency. For a

high quality glass micropipette,𝐶
𝑔
is typically less than 0.1 pF

[49, 50] and the input impedance of the analog front-end𝑍in
is typically two orders of magnitude larger than 𝑍

𝐶𝑔
. Using a

sharp micropipette to record single cell activity (𝑉tip ≈ 𝑉𝑛),
(3) is further simplified to

𝑉in ≈ (𝑉𝑛 + 𝐸𝑗)
𝑍in

𝑅
𝑒
+ 𝑍in

. (4)

Equation (4) gives us two important circuit design guide-
lines for in vivo extracellular neural recording. In order to
optimally measure the neural voltage generated by a single
neuron (𝑉in ≈ 𝑉𝑛), first the DC offset 𝐸

𝑗
should be rejected;

otherwise, it will be amplified togetherwith the neural voltage
and may saturate the subsequent stages of amplification.
Second, the input impedance of the analog front-end (𝑍in)
should be significantly larger than the resistance of the
electrolyte (𝑅

𝑒
) to avoid signal reduction at the input front-

end.

2.1.2. Noise Analysis of the Micropipette Neural Amplifier.
Figure 1(c) shows the electronic noise model [19, 20, 49,
51, 53, 57–60] for our equivalent circuit model for in vivo

micropipette recordings. 𝑉2
𝑅𝑛

is the thermal noise generated
from the equivalent resistance between the target neuron and
the micropipette tip. Thermal noise can be estimated based
on the well-known Johnson-Nyquist thermal noise relation
[51, 54, 61]

𝑉
2

𝑅

= 4𝑘
𝐵
𝑇𝑅, (5)

where 𝑘
𝐵
is the Boltzmann’s constant, 𝑇 is the temperature

in Kelvin, and 𝑅 is the equivalent resistance. For single cell
recording where the tip is very close to the target neuron,
𝑉
2

𝑅𝑛

can be simply neglected due to the small resistance.
𝑉
2

𝑛𝑡

is the noise generated from other nontarget neurons. As
explained above, voltages from nontarget neurons registered
at the micropipette tip are small when a sharp tip is used.
However, the voltages generated from nontarget neurons can
still contribute to the background noise [19, 52, 55, 62–64]
superimposed on the target neural signal. This background
noise can be determined by using

𝑉
𝑛𝑡
(𝑡) = ∑

𝑖

∑

𝑘

𝑉
𝑛𝑡,𝑖
(𝑡 − 𝑡
𝑖,𝑘
) ; (6)

𝑉
𝑛𝑡
(𝑡) is the algebraic sum (background noise) of all nontarget

neural voltages. 𝑉
𝑛𝑡,𝑖
(𝑡 − 𝑡

𝑖,𝑘
) is the neural voltage at the

micropipette tip of a neuron 𝑖 firing a sequence of neural
action potentials at various time instants 𝑡

𝑖,𝑘
. This overall

background noise 𝑉
𝑛𝑡
(𝑡) contributes a 1/𝑓𝑥 noise spectrum

(𝑥 ≈ 0.5 to 1.5) in the frequency domain [19, 52, 55]. Because
of the 1/𝑓𝑥 nature of this background noise which dominates
in the low frequencies [19, 52, 55, 58, 63], it can be rejected
using a high-pass filter after the unity-gain first stage ampli-
fication. 𝑉2

𝑅𝑡

is the thermal noise generated by the equivalent
resistance between the ground and the micropipette tip. This
thermal noise can also be neglected due to the small tip
opening in consideration.

There are also noise sources inside themicropipette.𝑉2
𝑅𝑒

is
the thermal noise generated fromdistributed resistance of the
electrolyte and can be estimated using (5).This thermal noise
can be minimized by reducing the distributed resistance by
increasing the ion concentration of the electrolyte inside the
micropipette. 𝑉2

𝐶𝑔

represents the dielectric noise generated
from the distributed pipette capacitance of the glass pipette
wall.This noise can be described using the following equation
[49, 50]:

𝑉
2

𝑐𝑔

(𝑓) = 4𝑘𝑇𝐷𝐶
𝑔
(2𝜋𝑓) , (7)

where 𝐷 is the dissipation factor of the glass material.
Equation (7) shows that the noise generated from the pipette
wall dominates in higher frequencies. For the frequencies of
interest in neural recoding, this noise can beminimized using
high quality glass pipette having a𝐷 < 0.0001.

There are also noise sources from the environment. 𝑉2
𝑃

represents all noise generated from the environment, in
particular the 50/60Hz power line noise.𝑍

𝑝
is the equivalent

impedance between the amplifier input and power line.
For this reason, the amplifier front-end should be carefully
designed to eliminate any electronic ground loops [8, 13] to
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avoid coupling environmental noise to the amplifier.Thus, in
our model the impedance of 𝑍

𝑝
is assumed to be larger than

𝑍in (𝑍𝑝 ≫ 𝑍in). Finally,𝑉
2

𝐴

is the intrinsic noise from the
amplifier, which is inherited due to the imperfection of circuit
elements in the neural amplifier. Careful design of the low-
noise amplifier front-end and subsequent amplifier stages is
crucial to obtain optimal neural signal.

Using the aforementioned model, assuming these noise
sources are independent, the overall input referred noise of
the micropipette neural recording amplifier for conscious
rodents can be summarized as

𝑉
2

total = 𝑉
2

𝐴

+ 𝑉
2

𝑃












𝑍in ‖ 𝑅𝑒 ‖ 𝑍𝐶𝑔

𝑍
𝑃
+ 𝑍in ‖ 𝑅𝑒 ‖ 𝑍𝐶𝑔












2

+ 𝑉
2

𝐶𝑔












𝑍in ‖ 𝑅𝑒 ‖ 𝑍𝑃
𝑍
𝐶𝑔
+ 𝑍in ‖ 𝑅𝑒 ‖ 𝑍𝑃












2

+ [𝐸
2

𝑗

+ 𝑉
2

𝑅𝑒

+ 𝑉
2

𝑅𝑛

(

𝑅
𝑡
‖ 𝑅
𝑛𝑡

𝑅
𝑛
+ 𝑅
𝑡
‖ 𝑅
𝑛𝑡

)

2

+ 𝑉
2

𝑛𝑡

(

𝑅
𝑡
‖ 𝑅
𝑛

𝑅
𝑛𝑡
+ 𝑅
𝑡
‖ 𝑅
𝑛

)

2

+ 𝑉
2

𝑅𝑡

(

𝑅
𝑛𝑡
‖ 𝑅
𝑛

𝑅
𝑡
+ 𝑅
𝑛𝑡
‖ 𝑅
𝑛

)

2

]

×












𝑍in ‖ 𝑍𝐶𝑔‖ 𝑍𝑃

𝑅
𝑒
+ 𝑍in ‖ 𝑍𝐶𝑔‖ 𝑍𝑃












2

.

(8)

To simplify the above equation in order to obtain a high
SNR, several considerations are necessary to prepare the
micropipettes and to design the neural amplifier. First, the
amplifier should be well-designed to avoid any environmen-
tal interference, such that 𝑍

𝑝
≫ 𝑍in. Second, the glass

micropipette should be made out of good quality glass
such that the distributed capacitance 𝐶

𝑔
is small enough

to make 𝑍
𝐶𝑔

much larger than 𝑍in. Third, the half-cell
potential and the liquid junction potential (𝐸

𝑗
) should be

rejected by using a high-pass filter after the analog front-
end. It is reported that the liquid junction potential has a
voltage of several millivolts to several hundred millivolts,
depending on the concentration and chemical composition
of the electrolytes [56, 65]. If these DC voltage offsets are
not rejected, the amplifier gain may be saturated resulting
in difficulty measuring the neural voltages. Finally, a fine-
tip glass micropipette should be used and placed close to the
target neuron. Equation (8) then reduces to

𝑉
2

total ≈ 𝑉
2

𝐴

+ 𝑉
2

𝑅𝑒










𝑍in
𝑅
𝑒
+ 𝑍in










2

. (9)

From (4), the neural voltage of the target neuron 𝑉
𝑛,in

presented at the analog front-end is approximately

𝑉
𝑛,in ≈ 𝑉𝑛

𝑍in
𝑅
𝑒
+ 𝑍in

. (10)

Thus, the overall input referred SNR in the bandwidth of (𝑓
1
−

𝑓
2
) can be estimated by

SNR

=





𝑉
𝑛






√(1/




𝑍in/ (𝑅𝑒 + 𝑍in)






2

) ∫

𝑓1

𝑓2





𝑉
𝐴






2

𝑑𝑓 +




𝑉
𝑅𝑒






2

(𝑓
1
− 𝑓
2
)

.

(11)

Equation (11) indicates that the overall input referred noise is
mainly contributed by the intrinsic noise of the amplifier and
the thermal noise arising from the distributed resistance of
the electrolyte contained in the glass micropipette.Therefore,
it is important to carefully design the amplifier to achieve low
intrinsic noise, as well as adjusting the electrolyte concentra-
tion to reduce the overall noise for recording.

2.2. Overall Gain and Input Impedance Equations. A typical
extracellular action potential is on the order of 50–500𝜇Vpp
with a frequency bandwidth of 100Hz to 5 kHz [8]. To record
such a small voltage, a low-noise high-quality analog ampli-
fier is required. As mentioned in the previous section, the
amplifier should have relatively low intrinsic noise compared
to the extracellular neural voltages. Meanwhile, a high-pass
filter should be introduced to reject the DC offset induced
by the liquid junction at the micropipette tip and the half-
cell potential at the metal-electrolyte interface. In addition,
according to (11), the input impedance of the analog front-
end should be designed to be as large as possible so that the
overall SNR can be improved.

Figure 2(a) shows the circuit diagram of our neural
amplifier used in the measurements reported in this paper.
The amplifier is designed to record extracellular neural
activities of conscious rodents based on the analysis discussed
in the previous section. Our neural amplifier implementation
is a two-stage design to achieve a unity gain (𝐴

1
= 1) for

the first stage and a gain of 200 (𝐴
2
= 200) for the second

stage. The overall voltage gain (𝐴
0
) of our amplifier can be

mathematically expressed as

𝐴
0
(𝑓) = 𝐴

1
(𝑓) ⋅ 𝐴

2
(𝑓)

= [

𝑅
1
‖ 𝑍in,𝐴

𝑅
1
‖ 𝑍in,𝐴 + (1/𝑗2𝜋𝑓𝐶1)

]

⋅ [

𝑅
2
‖ 𝑍in,𝐴

𝑅
2
‖ 𝑍in,𝐴 + (1/𝑗2𝜋𝑓𝐶2)

× (1 +

𝑅
6

𝑅
5

)] ,

(12)

where 𝑍in,𝐴 is the input impedance of operational amplifiers
used in the circuit (same operational amplifier used for both
stages) and𝑓 is theworking frequency. In addition, according
to Figure 2(a), the input impedance of the neural amplifier is

𝑍in ≈
1

𝑗2𝜋𝑓𝐶
1

+ 𝑅
1
‖ 𝑍in,𝐴. (13)

With the electronic components used for the amplifier, (12)
and (13) can further be simplified. Two low-noise CMOS
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Figure 2: (a) Circuit diagram of the micropipette neural amplifier deigned for in vivo single-cell extracellular neural recordings of conscious
rodents using a sharp-tipped glass micropipette. (𝐶1 = 1.5 nF, 𝐶2 = 0.1 𝜇F, 𝑅1 = 1GΩ, 𝑅2 = 20KΩ, 𝑅3 = 27KΩ, 𝑅4 = 10KΩ, 𝑅5 = 1KΩ,
and 𝑅6 = 200KΩ) (b) Schematic diagram illustrating the experimental setup used to measure the intrinsic input-referred noise of the neural
amplifier. (c) Schematic diagram ofmeasuring the input capacitance of the neural amplifier. (d) Experimental setup to characterize the overall
noise of the neural amplifier with the glass micropipette (light off) and the environmental noise (light on) generated by a 60Hz power-line
attached to a light bulb using dead gerbil brain tissue submerged in normal saline.

amplifiers (LMP7702, Texas Instruments,Dallas, Texas,USA)
[66–71] were used to build both the first and second stages of
the neural amplifier.This particular operational amplifier has
excellent low-noise characteristics. Its input referred noise
reduces from its highest point of 120 nV/√Hz at 1Hz to
9 nV/√Hz at 1 KHz and maintains this low noise level for
frequencies above 1 KHz. The LMP7702 also has small input
capacitance 𝐶in ≈ 25 pF, which is two orders of magnitude
smaller than𝐶

1
= 1.5 nF.Thus,𝐴

1
≈ 1 and the imaginary part

of 𝑍in,𝐴 becomes the dominant term in (13)Therefore, for the
frequency range (100Hz to 5 kHz) of interest in extracellular
neural recording, (12) and (13) are simplified to

𝐴
0
(𝑓) ≈ 1 ⋅ [

𝑅
2

𝑅
2
+ (1/𝑗2𝜋𝑓𝐶

2
)

(1 +

𝑅
6

𝑅
5

)] , (14)

𝑍in ≈
1

𝑗2𝜋𝑓𝐶in
. (15)

There are several points worth mentioning in the design.The
RC high-pass filter (𝐶1 and 𝑅1) is used to reject the DC offset
induced by the liquid junction potential and half-cell poten-
tial in the glass micropipette with a 3-db cut-off frequency at
0.1 Hz. Another RC high-pass filter (𝐶2 and 𝑅2) sandwiched
between the first unity-gain stage and the second gain stage is

designed to reject other low frequency interference from the
environment with a 3-db cut-off frequency at 80Hz. A 1V
offset was added as a reference to the amplifier output voltage
in order to capture both the positive and negative sides of the
extracellular action potentials.

2.3. Intrinsic Noise and Input Capacitance Measurements. To
measure the intrinsic noise of our neural amplifier, the input
of the amplifier is directly shorted to the input ground
as depicted by Figure 2(b). A data acquisition system (NI
USB-6341, National Instruments, Austin, Texas, USA) was
used to record the output voltage at a sampling rate of
50 kS/s. A Fourier transform is performed on the measured
output voltage and subjects the voltage spectrum to a 100
to 5000Hz digital filter to reject unwanted noise outside
the signal bandwidth. The data processing and analysis were
performed using Origin (OriginLab, Northampton, USA)
data processing software. The intrinsic amplifier noise was
also simulated by Multisim software (Austin, Texas, USA).

In addition, the input impedance of the amplifier is also
measured because it greatly influences the SNR as described
by (11) and (15). According to (15), the input impedance
of the amplifier can be approximated by 𝐶in within the
frequency range of measurements. The input capacitance of
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the amplifier consists of the intrinsic input capacitance of
the operational amplifier and the parasitic capacitance of the
printed circuit broad. In order to measure the total input
capacitance of the amplifier, the frequency response of the
amplifier is measured as depicted by Figure 2(c). A high
quality D/A converter (RP 2.1, Tucker-Davis Technology,
Alachua, USA) was used to generate a sinusoidal voltage with
a 1 V peak-to-peak amplitude for frequencies from 1Hz to
2000Hz. The sinusoidal voltage was connected in series to
a 10MΩ resistor and the input stage of the neural amplifier.
Since the first-stage operational amplifier has a unit gain
with a 2.5MHz bandwidth, the 3 dB cutoff in the frequency
spectrum is solely due to the RC low-pass filter formed by the
10 MΩ resistor and the overall input capacitance. Therefore,
the overall input capacitance can be calculated using the time
constant relationship for this measured 3-dB bandwidth (𝑓

𝑐
):

𝐶in =
1

2𝜋 (10MΩ)𝑓
𝑐

. (16)

2.4. Micropipette and Environmental Noise Estimation Using
Dead Brain Tissue. To estimate the noise of the amplifier
together with the micropipette electrode and the influence
of environmental (power-line) interference, dead brain tissue
was used for easy accessibility. The setup for measuring the
noise of these conditions is shown in Figure 2(d). A 70-day-
old wild type Mongolian gerbil (Meriones unguiculatus) was
sacrificed. All experimental procedures involving animals
were approved by the University of Colorado’s institutional
animal care and use committee (IACUC, protocol num-
ber B-88412(05)1C). Once deep anesthesia was confirmed,
the gerbil’s head was removed and put into 0.9% normal
saline, and the brain was excised. Subsequently, the brain
was washed in 0.9% normal saline to remove the blood
from the surface, put into a 25mL glass beaker filled with
saline, and maintained at 37 degrees Celsius. A single barrel
glass micropipette (GC150F-10 borosilicate glass, Harvard
Apparatus, Edenbridge, United Kingdom) was pulled to a
1-2 𝜇m tip diameter using a DMZ-Universal puller (Zeitz
Instruments, Martinsried, Germany). The glass pipette was
filled with 27% saturated sodium chloride solution using a
carbon fiber needle (Microfil MF 28G67-5, World Precision
Instrument, Sarasota, USA) such that the complete electrode
had a total impedance of 5MΩ to 15MΩ. Subsequently, the
filled micropipette was inspected with a microscope to make
sure the tip was not broken, and no air bubbles were left in the
tip of the micropipette.Then the pipette was positioned in an
electrode holder attached to a piezo-electric drive (Inchworm
controller 8200, EXFO Burleigh Products, Victor, NY), and a
silver-silver chloridewire was inserted into the solution in the
pipette. The input of the neural amplifier was connected to
the other end of the wire. Meanwhile, a copper wire having a
1mm diameter was immersed into normal saline as a ground
for the neural amplifier.Then the pipette was slowly advanced
into the brain tissue and the output of the neural amplifier
both in an electrically quiet (light off) and an electrically
noisy environment (light on) was measured. The electrical
noise was introduced through a 50W halogen light bulb
placed 10 cm away from the brain. The output voltage of
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Figure 3: (a) Experimental setup of measuring neural voltage
responses in the inferior colliculus (IC) induced by auditory stimu-
lation in the ears of an anesthetized gerbil. The auditory stimulation
is triggered by a high-quality signal generator. A sharp-tipped
micropipette is inserted into the brain of the gerbil held by a piezo
drive to reach to the IC for recording.The neural voltage is amplified
by the micropipette neural amplifier. The output voltage of the
amplifier is subsequently digitized by an analog-to-digital converter
and recorded by the computer for further analysis. (b) Illustrated
diagram of a gerbil’s brain showing the relative position of the IC.

the micropipette neural amplifier was recorded by the NI
USB-6341 data acquisition system for further data analysis.

2.5. In Vivo Recordings from the Brain of an Anesthetized
Rodent. In this section, animal testing was applied to test
the efficacy of the micropipette neural amplifier in in vivo
neural recording as depicted by Figure 3. All experimental
procedures using animals were approved under University of
Colorado IACUC protocol number B-88412(05)1C. During
these experiments, a glass micropipette was advanced into
an auditory area, the inferior colliculus (IC) of a Mongolian
gerbil. We recorded action potentials from neurons in the IC
in response to sound stimulation of the animal’s ears.

2.5.1. Animal Preparation (See [72]). Before surgery, a 68-
day-old gerbil was anesthetized by initial intraperitoneal
injection (0.5mL/100 g body weight) of a mixture of
Ketamine (20%) and Xylazine (2%), both diluted in physi-
ological saline. During surgery and the recording session, a
supplemental dose of 0.25mL/100 g body weight of the same
mixture was administered subcutaneously every 30 minutes.
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Constant body temperature was maintained using a thermo-
statically controlled heating pad.

Skin and tissue overlying the top part of the skull were
removed and a small silver hook was attached to the subcu-
taneous tissue near the head as the ground of the amplifier.
Custom-made earphone holders were attached to the head,
allowing for the safe insertion of earphones into the ear
canal.The animal was then transferred to a sound-attenuated
chamber and mounted in a custom made stereotaxic instru-
ment. The animal’s position in the stereotaxic apparatus was
standardized with reference to stereotaxic landmarks on the
skull. For electrode penetrations of the IC, a small hole of
approximately 1mm2 was cut into the skull lateral to the
lambdoid suture. Micromanipulators were used to position
the recording electrode according to the landmarks on the
skull surface and a reference point. The meninges overlaying
the cortex were removed and normal saline was applied to the
opening to prevent dehydration of the brain. After successful
recordings were taken, the animal was sacrificed by injection
of an overdose of ketamine and xylazine.

2.5.2. Setup for Neural Recording Triggered by Sound Stimu-
lation of Inferior Colliculus Neurons. When the animal was
positioned in the stereotaxic instrument, a single barrel glass
micropipette as described above was positioned above the
opening in the skull and advanced perpendicular to the
skull surface using a piezo drive which could be remotely
controlled from outside the sound-attenuated chamber. A
real-time processor with a high-quality analog I/O (RP 2.1,
Tucker-Davis Technology, Alachua, FL, USA) was used to
generate modulated sinusoidal wave signals to drive the
two headphones. The modulation of the sinusoidal wave
was programmed with a RPvdsEx program (Tucker-Davis
Technology, Alachua, FL, USA), which was used to control
the real-time processor. The sinusoidal wave was modulated
to have a 20ms rise time, a 20ms fall time, and a 50ms/550ms
ON/OFF period. Two programmable attenuators (PA 5,TDT)
were used to attenuate the sinusoidal wave before it was
applied to two speaker drivers (ED1, TDT) to drive the
headphones. The micropipette neural amplifier was applied
to amplify the neural action potential signals. The NI USB-
6341 data acquisition system was used to record the output
signal of the micropipette neural amplifier.

3. Results

3.1. Characterization of the Neural Amplifier

3.1.1. Intrinsic Noise of the Neural Amplifier. Here we report
the measurement results obtained by using the techniques
described in the method section. Figure 4(a) shows the time
trace of themeasured input referred noise of themicropipette
neural amplifier for a time period of 200ms. The mea-
sured noise voltage is 11.95 𝜇Vpp in peak-to-peak voltage or
1.81 𝜇Vrms in root-mean-square voltage [73–75]. Figure 4(b)
shows the corresponding simulated (red) andmeasured noise
densities of the intrinsic amplifier. Within the frequency
range of interest for neural recording (100 to 5000Hz), the
amplifier noise is simulated to be 9.50 𝜇Vpp or 1.44 𝜇Vrms

using Multisim. The measured noise density is higher than
the simulated results and we attributed this discrepancy to
imperfections and manufacturing deviations when making
the printed circuit broad and electronic components. Based
on our circuit simulation, the amplifier suffers from flicker
noise which linearly decays from 100Hz to 500Hz. At 100Hz,
the noise density is highest of 32 nV/√Hz with our simulated
result.The noise density reduces to 20 nV/√Hz above 500Hz
where thermal noise dominates.

3.1.2. Input Capacitance Measurement and SNR Estimation.
The input capacitance of the micropipette neural amplifier is
measured in accordance with themethodologies described in
the previous section. As shown in (11), the input capacitance
of the amplifier is very important in determining the signal-
to-noise ratio of the amplifier. The frequency response of the
amplifier is measured (data not shown) and the 3-dB cut-off
frequency of the amplifier was determined to be 751Hz.Thus,
the input capacitance is estimated to be 𝐶in = 21.23 pF using
(16).Themeasured input impedance conforms to our analysis
stated in (13) and is dominated by the input capacitance of the
CMOS amplifier LMP7702 (25 pF as stated in the datasheet).
Thus, if a glass micropipette with 5MΩ impedance is used,
the SNR of a 500𝜇Vpp 1KHz sinusoidal signal is calculated
to be 8.74 according to (11).

3.2. Noise Characterization of the Neural Amplifier with
Micropipette Using Dead Brain Tissue

3.2.1. Noise of the Amplifier with Glass Micropipette. Noise
measurement to characterize the performance of the ampli-
fier can be performed using dead brain tissue extracted
from a gerbil. In order to measure the background noise
generated by the amplifier and the glass micropipette, we
insert the micropipette directly into the dead brain tissue
submerged in a saline solution to maintain tissue freshness.
Figure 4(c) shows the measured input referred noise of the
micropipette amplifier over a course of 200ms. Figure 4(d)
shows the corresponding noise densities for the simulated
(red) and measured results. To avoid any environmental
interference impairing our result, the brain tissue and the
amplifier were enclosed by a Faraday cage.The input referred
noise was measured at 78.54𝜇Vpp, or 11.9 𝜇Vrms. For the
glass micropipette with a 5MΩ impedance, the 3-db cut-
off frequency is ∼1.5 KHz. Thus, the thermal noise generated
by the glass micropipette is calculated to be 73.59 𝜇Vpp or
11.15 𝜇Vrms and the overall input referred noise is 74.18 𝜇Vpp
or 11.24 𝜇Vrms using (9), which is in agreement with the
measurements.

3.2.2. Environmental (Power-Line) Noise. Environmental
(power-line) noise can also be estimated using dead brain
tissue. Figure 4(e) shows the noise acquired when a power
line placed near our measurement setup powering a 50W
halogen light-bulb. Power-line noise overwhelms the
intrinsic noise of the amplifier and the micropipette, and the
overall input referred noise was measured to be ∼1.75mVpp.
Compared to a typical neural spike of 50 𝜇Vpp to 500 𝜇Vpp,
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Figure 4: (a) The measured intrinsic input referred noise of the neural amplifier. (b) Circuit simulation and measurement results of the
intrinsic input referred spectral noise density of the neural amplifier calculated from the data in (a). (c) Input referred noise of the neural
amplifier with the glass micropipette electrodemeasured in dead gerbil brain tissue with an electrical quiet environment (light off) (d) Circuit
simulation and measurement results of the input referred spectral noise density calculated from the data measured in (c). (e) Input referred
noise measured in dead gerbil brain tissue in an electrical noisy environment (light on).
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Figure 5: (a) Extracellular neural voltage spiking (green) acquired by the micropipette neural amplifier in the inferior colliculus (IC) of an
anesthetized gerbil.The ears of the gerbil are attached to audio speakers and sound frequency sweeps are periodically played to the anesthetized
gerbil. The recorded neural voltage spiking was recorded simultaneously with the sound frequency sweeps during the experiment. The
magnitude of the sound sweep (blue) is plotted together with the neural voltage spiking (green) in the same graph to show that the neural
spiking is only observed with the auditory stimulated. (b) The neural voltage (green) and the sound magnitude (green) of (a) are magnified
in time for a period of 5ms to show better details of both signals. (c) Individual neural voltages of (a) are plotted on top of one another. All
individual neural signals have a similar temporal shape which indicates that the signals all originated from a single neuron.

the power-line noise is extremely strong. For this reason,
a Faraday cage and other environmental noise elimination
strategies are necessary for in vivo extracellular neural
recording of conscious animals.

3.3. In VivoMeasurements of Neural Responses to Sound Stim-
ulation from an Anesthetized Gerbil. The IC is an auditory
neural target and neural voltages are generated when trig-
gered by sound. Figure 5(a) shows neural spiking recorded
by the micropipette neural amplifier when the anesthetized
gerbil was triggered externally by a sound sweep. Figure 5(b)

shows the magnified neural spike and the corresponding
sound magnitude over a 5ms time period for better resolu-
tion of the signals.

The occurrence of the neural spikes strongly correlates
with the sound excitation and the neural spikes only appeared
when external sound sweep was active. The neural signal
likely originated from a single neuron in the IC, since it dis-
appeared when themicropipette was retracted by several 𝜇m.
The signal was restored when the micropipette was moved
back to its original location. Figure 5(c) overlays the neural
spikes of Figure 5(b) on top of each other to demonstrate
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Table 1: Comparison of noise levels of theoretical predictions and experimentally measured results. Values in parenthesis indicate the
percentage increase in the experimental results over the simulated results.

Theoretical predication
(𝜇𝑉rms)

Measurements in a dead gerbil brain
(𝜇𝑉rms)

In vivomeasurements with an
anesthetized gerbil

(𝜇𝑉rms)
Intrinsic amplifier noise (𝑉

𝐴

) 1.44 1.81 (26%) 1.81 (26%)
Micropipette thermal noise (𝑉Re) 11.15 — —
Overall noise (𝑉total) 11.24 11.90 (6%) 15.15 (35%)

that all the measured action potentials have similar temporal
shapes, indicating that all the measured neural responses
are indeed originating from a single neuron [76]. These
results demonstrate the efficacy of the micropipette amplifier
for recording extracellular neural signals originating from a
single neuron for in vivo experiments. The average voltage of
the background noise was measured at around 100 𝜇Vpp or
15.15 𝜇Vrms (averaged over the first 50ms of themeasurement
when no sound was played).This background level is close to
the measured noise level with dead gerbil brain (78.54 𝜇Vpp,
or 11.9 𝜇Vrms). The neural spikes have an average maximum
voltage of ∼500𝜇Vpp. Thus, the SNR of the micropipette
neural amplifier is estimated to be larger than 5.

We tabulated the noise performance of the micropipette
amplifier in Table 1. The simulated results of the intrinsic
amplifier noise (𝑉

𝐴
), the micropipette thermal noise (𝑉

𝑅𝑒
),

and the overall amplifier noise (𝑉total) were compared to the
empirical results of the intrinsic amplifier noise (𝑉

𝐴
) and

the overall noise (𝑉total) measured in a dead gerbil brain
and in the brain of an anesthetized gerbil. (The micropipette
thermal noise cannot be directly measured empirically since
other noise sources, such as environmental noise, cannot
be completely excluded in the laboratory.) The comparison
shows that the noise characteristics of our micropipette
amplifiers are closely matched to the theoretical predictions.
The measured overall noise (𝑉total) only differs from the
theoretical prediction by 6% and 35% when measured in a
dead gerbil brain and in an anesthetized gerbil.

4. Discussion

In this paper, we have developed an equivalent circuit and a
noise analysis model for extracellular neural recordings using
a low-noise amplifier with a glass micropipette. The models
were developed to help understand and to quantify the var-
ious noise sources contributing to the overall noise of the
recording. Experimental measurements were also proposed
to verify the accuracy of our models. In addition, we have
designed and constructed a low-noise two-stage amplifier
based on the mathematical models. The intrinsic noise of the
amplifier and environmental (power-line) interference were
measured using a dead gerbil brain. In addition, we also per-
formed in vivo neural recordings from the brain of an anes-
thetized gerbil to confirm that the amplifier has adequate SNR
for extracellular in vivo neural recordings.The recorded neu-
ral spiking at the IC, which is an auditory nucleus in the brain,
correlates with the sound stimulation in the animal’s ear.

The main finding of our study is that two chief noise
sources degrade the neural voltage signal in the recordings,
namely, the intrinsic noise (𝑉2

𝐴

) of the amplifier and the
thermal noise of the glass pipette (4𝑘𝑇𝑅

𝑒
), as shown in (11).

Since intrinsic noise is one of the major noise contributors, it
is important for circuit designers to develop noise-reduction
strategies in the design of amplifiers with low noise character-
istics.Many research groups have beenworking vigorously on
improving amplifier designs, and the input referred noise of
most neural amplifiers described in literature is already better
than 5 𝜇Vrms [8–18, 77]. Some designs achieve an overall
noise as low as 1-2 𝜇Vrms [8, 11, 77]. Besides intrinsic amplifier
noise, our noise analysis also indicates that the thermal noise
generated by the electrolyte inside themicropipette is another
significant noise contributor to the overall measurement
noise. Millar and Barnett [13] reported a noise figure of
13 𝜇Vrms over a bandwidth of 100Hz to 8 kHz for a 1MΩ glass
micropipette. Budai [8] also reports a 5.6𝜇Vrms thermal noise
with a bandwidth of 5 kHz for 0.4MΩ electrode.Therefore, it
is important to develop strategies in future designs to lower
the resistance of the glass pipette to further reduce thermal
noise.

In this paper, we used excised gerbil brain tissue to char-
acterize environmental interference with neural recordings.
Our measurements conclude that interference from power
lines is significant and can easily exceed neural signals from
extracellular recordings. Therefore, it is necessary to enclose
the entire neural recording setup with a Faraday cage as a
shield from these noise sources. Faraday cages, however, are
bulky and also add another layer of difficulty to neuroscience
experiments, in particular for in vivo neural recordings from
conscious behaving animals where the experimental setup
requires a large area. Therefore, it is imperative to develop
noise-cancelation strategies on the amplifier circuit itself to
eliminate the need for Faraday cages for noise shielding.

We have also successfully recorded neural responses trig-
gered by external auditory stimulation. Our recorded spike
trains from neurons in the IC are in step with the delivery
of the sound frequency sweep. In modern neuroscience
research, the ability to measure neural signals from a single
cell and to correlate the recordings with behavioral responses,
such as sound sweeps, is important in the study of brain
functionality, such as studies of sensory processing, memory
and decision making, as well as understanding the patho-
physiology of neural disorders, such as Parkinson’s diseases.
Therefore, engineering designs that allow an investigator to
advance the electrode accurately into a specific brain nucleus
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and the ability to control neural activity in vivo in conscious
animals are critical for many future neuroscience studies.

Another important development is the use of optogenetic
proteins to excite or inhibit action potentials using optical
stimulation in the brain [78]. Optogenetics is a new frontier
in neuroscience research and uses light-gated ion-channels
that allow stimulation and inhibition of a specific cell-type
of a brain nucleus using biochemical techniques and optical
methods [79, 80]. Optical stimulation can be delivered to
a brain nucleus via optical fibers or implanted LEDs. It
is therefore imperative to develop electrical systems that
allows simultaneously stimulating and/or inhibiting neu-
ral responses and records neural voltages at the same or
another remote neural target in the brain. Some optogenetic
applications, however, require the use of high-current LED
drivers which can generate a strong electrical interference to
the sensitive recording amplifiers. Optical interference from
these high-power optical sources to the recording amplifier
has been reported [80]. Therefore, we plan to include the
strong electrical interference generated by these high-current
LED drivers in our noise models to guide our future designs
of electronic systems for neural manipulation.

5. Conclusion

In this paper, we proposed a comprehensive mathematical
model to predict the overall noise of a neural amplifier using a
glass micropipette as the recording electrode in extracellular
neural recording. Our model shows that both thermal noise
generated inside the glass micropipette and the intrinsic
amplifier noise are major contributors to the overall noise
of the amplifier. We compared the results calculated from
our proposed noise model to experimental measurements
obtained from a dead gerbil brain, as well as in vivo mea-
surements from an anesthetized gerbil. We experimentally
measured noise spectral densities and the measurements
were well matched to our theoretical predictions, validating
the accuracy of our proposed model. Moreover, neural
response originating from a single neuron measured in the
IC was observed to be temporally correlated with auditory
stimulation with a conscious gerbil.
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Power changes in specific frequency bands are typical brain responses during motor planning or preparation. Many studies
have demonstrated that, in addition to the premotor, supplementary motor, and primary sensorimotor areas, the prefrontal area
contributes to generating such responses. However, most brain-computer interface (BCI) studies have focused on the primary
sensorimotor area and have estimated movements using postonset period brain signals. Our aim was to determine whether
the prefrontal area could contribute to the prediction of voluntary movement types before movement onset. In our study,
electrocorticography (ECoG) was recorded from six epilepsy patients while performing two self-paced tasks: hand grasping and
elbow flexion. The prefrontal area was sufficient to allow classification of different movements through the area’s premovement
signals (−2.0 s to 0 s) in four subjects. The most pronounced power difference frequency band was the beta band (13–30Hz). The
movement prediction rate during single trial estimation averaged 74% across the six subjects. Our results suggest that premovement
signals in the prefrontal area are useful in distinguishing different movement tasks and that the beta band is the most informative
for prediction of movement type before movement onset.

1. Introduction

The aim of brain-computer interface (BCI) is to translate
brain signals into comprehensible information useful for
sending commands to the external world [1]. In particular,
BCI technology is important for patients who lack control of
their motor faculties; such loss can result from a variety of
issues such as spinal cord injuries, amyotrophic lateral scle-
roses, and brainstem strokes. A BCI can improve the quality
of life for such patients by enabling them to communicate
with the outside world by using their brain activities [2].

The term BCI was formulated by Vidal in 1973 [3]. Over
the following four decades, numerous studies attempted to
improve the accuracy and reaction time performance of BCI

systems [4–6]. Nevertheless, there is still a marked time delay
between patient’s actions and the BCI’s responses. To address
this issue, some authors have focused on earlier neural signals
during the premovement stage [7–9].

Voluntary movement, which contains movement inten-
tion, comes into action through movement selection, plan-
ning, and preparation [10]. Two specific brain responses
reflect these aspects. First, a slow negative cortical potential
occurs 2 s prior to movement onset. This potential is referred
to as Bereitschaftspotential (BP) or readiness potential (RP)
[11]. Second, power changes in specific frequency bands
appear during the same preonset period. These changes are
reflected by an amplitude decrease in cortical rhythms that
are disclosed in the alpha and beta ranges [12]. Though it
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is widely known that the supplementary motor, premotor,
and primary sensorimotor areas can be generator sources of
those two brain responses, some researchers report that the
prefrontal area also contributes to their generation [13–16].
However, most researches regarding the prediction of motor
intention or movement type have recorded early neural
signals from only the central and parietal areas covering the
primary sensorimotor cortex. Those areas are closely related
to motor control, but the prefrontal area also contributes to
generating BP and power changes in specific frequency bands
[7, 8, 17].

Two brain circuits that converge on the primary motor
area contribute to human voluntary action [18–20]. One
is a pathway from the supplementary motor area, which
receives inputs from the basal ganglia and the prefrontal
area, to the primary motor area. The other is from the
premotor area, which receives inputs from sensory related
areas, to the primary motor area. The first circuit, including
the prefrontal area, is closely related to self-paced actions
as well as the motor planning or preparation. This implies
that the prefrontal area may be involved in the prediction of
movement types. In practice, the prefrontal area is involved in
the intention to move or in the performance of willed action
as evinced by several electrophysiological studies utilizing
electrocorticography (ECoG), intracerebral electrodes, and
neuroimaging studies using functional magnetic resonance
imaging (fMRI) [18, 21–23]. On that basis, it is suggested that
prefrontal area neural signals occurring during premovement
stages should be considered when predicting the type of
movement that is going to occur.

In order to investigate whether the prefrontal area gener-
ates useful premovement signals, high-spatial resolution and
a high signal-to-noise ratio in the cortical activity signal are
required because this area is close to the premotor and sup-
plementary motor areas. Electroencephalography- (EEG-)
based BCI requires numerous types of postprocessing and
multichannel information processing for BCI functioning.
A practical alternative, in spite of its invasiveness, is ECoG
as it has higher spatial resolution, higher amplitude, greater
signal-to-noise ratio, and fewer artifacts than EEG [24, 25].
Moreover, reported in other studies [17], highly accurate
movement prediction can be obtained by using only a few
electrodes in an ECoG-based BCI. Thus, an ECoG-based
BCI approach appears to be a robust way to investigate the
contribution of the prefrontal area in movement prediction
before its onset time.

In this paper, we focus on the power changes in specific
frequency bands to determine whether the prefrontal area
generates useful information in movement prediction during
the preonset period. Several researchers have indicated that
high gamma oscillation in the prefrontal area might be used
for predicting movement intention and motor preparation
in a BCI system [26–28]. However, few studies have been
performed to determine the other properties of prefrontal
activity which can be useful in movement prediction. To
our knowledge, movement type classification via specific
frequency band power changes in the prefrontal signals
during the preonset period is sparsely documented.

In this study, by using relatively simple method, we were
able to classify two types of single trial ECoG signals that
preceded voluntary movements. The signals were recorded
from a few electrodes on the motor related and prefrontal
areas. Second, we report on our investigation into whether
the prefrontal area generates useful premovement signals,
and we determined the frequency range that provides the
most informative signals for movement prediction. Finally,
we evaluate the predictive performance obtained by including
prefrontal electrodes.

2. Materials and Methods

2.1. Subjects. Six patients (three females and three males,
aged 25–37 years) with intractable epilepsy participated in
the study. All patients underwent chronic implantation of
subdural electrodes over the prefrontal area (Brodmann
areas 8, 9, 10 11, 44, 45, 46, and 47), the premotor and
supplementary motor areas (Brodmann area 6), and the
primary sensorimotor area (Brodmann areas 1, 2, 3, and 4).
The clinical profiles of each subject are presented in Table 1.
Each subject underwent magnetic resonance imaging (MRI)
and computed tomography (CT) before and after subdu-
ral electrode implantations. Experimentation occurred after
receiving the subjects’ consent formswhich were approved by
the Institutional Review Board of Seoul National University
Hospital (IRB number H-0912-067-304).

2.2. Experimental Protocol and Data Acquisition. We
instructed the subjects to perform self-paced hand grasping
or elbow flexion with the contralateral hand or elbow
side of the implantation hemisphere. Each performed
the movements precisely with an interval of more than
5 s in accordance with study directions. We emphasized
the importance of movement intention immediately before
performing themovements and told patients not to count the
number of seconds in an interval. Each session took 5min
with 2min of rest between each session. Three task sessions
were recorded for each patient except for Subject 4 who
complained of sickness related to vertigo. Only two sessions
were recorded for Subject 4. The number of movements per
session and the interval between movements are presented
in Table 2.

Each patient had between 48 and 82 subdural elec-
trodes (Ad-tech Medical Instrument, Racine, WI, USA)
implanted. The diameter of each electrode was 4mm with
an interelectrode distance of 10mm. The brain model and
implanted electrodes were reconstructed from the individual
MRI and CT images by using CURRY software (version
5.0, Compumedics Neuroscan, Charlotte, NC, USA). The
ECoG data were recorded by using a 128-channel digital
video monitoring system (Telefactor Beehive Horizon with
an AURA LTM 64- & 128-channel amplifier system, Natus
Neurology, West Warwick, RI, USA) digitized at sampling
rates of 200, 400, or 1600Hz and filtered from 0.1 to 80Hz
for the 200Hz sampling rate and from 0.1 to 100Hz for
the 400 and 1600Hz sampling rates. The cheekbone was
used as a reference site. Additionally, electromyography
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Table 1: Clinical profiles.

Subject Age Sex Side of hand motion Electrodes
Location Number

Subject 1 25 Female Right Left hemisphere 72
Subject 2 36 Male Left Right hemisphere 52
Subject 3 26 Female Right Left hemisphere 48
Subject 4 26 Female Right Left hemisphere 82
Subject 5 37 Male Left Right hemisphere 58
Subject 6 28 Male Left Right hemisphere 58

Table 2: Behavior information. The number of movements per session and interval between movements of all subject.

Subject Hand grasping Elbow flexion
Session 1 Session 2 Session 3 Interval (s) Session 1 Session 2 Session 3 Interval (s)

Subject 1 49 49 40 6.64 ± 1.12 42 36 40 7.75 ± 1.09

Subject 2 27 28 18 12.65 ± 3.96 25 21 19 13.84 ± 2.99

Subject 3 30 42 36 8.47 ± 1.81 32 37 29 9.41 ± 1.71

Subject 4 39 47 n.a. 7.39 ± 2.04 34 35 n.a. 9.44 ± 1.93

Subject 5 35 44 36 8.75 ± 2.21 28 31 29 11.28 ± 2.55

Subject 6 33 37 32 9.05 ± 2.68 25 28 15 12.68 ± 3.30

n.a.: not applicable.
Interval (s): mean ± SD.

(EMG) was used to detect the onset of motor performance
from the opponens pollicis for hand grasping and from the
biceps brachii for elbow flexion. Electrooculography (EOG)
using electrodes that monitor eye movement was performed
concurrently. The whole experiment was video-recorded to
monitor motor performance and to obtain precise definition
of movement onset.

2.3. Signal Preprocessing. The ECoG data were analyzed by
using MATLAB software (Mathworks, Natick, MA, USA).
The recorded data were downsampled to 200Hz for unifica-
tion of the various sampling rates in the analysis. The ECoG
channels showing abnormal signals resulting from pathology
or technical problems were excluded from further analysis.
Movement onset was the time when the subject was about
to move her/his hand or elbow and was determined from
the EMG signals. To confirm that the EMG activity is not
excited during the premovement onset period, EMG onset to
preonset ratios, power ratios between EMG onset periods (0
to 1 s), and EMG preonset periods (−2 to 0 s) were calculated
and averaged for all trials. Evaluated ratios were 13.18 ± 5.18
(mean ± SD) dB and 21.79 ± 5.00 dB for hand grasping
and elbow flexion, respectively. In addition, no significant
transient EMG bursts were detected in all trials during the
premovement onset periods.

2.4. Feature Extraction. To extract features from premove-
ment signals, first, epoching was performed with a window
of −2 s to 0 s of movement onset (EMG onset) for the first
session of each ECoG data type (hand grasping and elbow
flexion) for all subjects. Note that we used only the first ses-
sion for feature extraction. Trials contaminated by technical
and epileptic artifacts were excluded from further analyses.

22 of the 1150 trials from all subjects (2%) were discarded.
A Hamming window was applied to each epoched window.
A fast Fourier transform (FFT) was used to transform single
trial ECoG signals in the time domain into the frequency
domain for each channel. Subsequently, power spectra were
computed and averaged for all trials. Power spectral den-
sity is shown in a logarithmic scale. The frequencies of
interest in a spectrum were from 1Hz to 80Hz. A higher
frequency range could not be investigated because of limited
sampling frequency. To determine which electrodes showed
marked difference between the two movement types, we
applied specific criteria, that is, a power difference between
movement types of greater than 3 dB at a specific point
and with a frequency range of 4Hz or greater. Throughout
these procedures, 13 electrodes were selected from among
all electrodes of all subjects (two or three electrodes per
subject). To verify that the selected electrodes from among
those meeting our criteria were not chosen by chance, a
bootstrap method was applied. We used the same ECoG
task datasets for all subjects for the random epoch sampling
(epoch start times were randomly selected).The same criteria
were applied to the random sampled data. This process was
repeated for all electrodes, after which the number of selected
electrodes was counted. Subsequently, this procedure was
iterated 500 times to obtain a distribution. The estimated 𝑃
value associated with the bootstrap procedure was <0.002.

Finally, each subject had two or three electrodes selected
by our criteria (subjects 1 and 3–6, 2 electrodes; subject 2,
3 electrodes; total, 13 electrodes). Specific frequency bands
showing power differences were simultaneously selected
during electrode selection. Single trial ECoG signals recorded
from the selected electrodes along with the pronounced
power difference frequency bands were filtered by using a
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custom band-pass filter. The power value of each filtered
signal sample was then averaged. This average was used for
feature.

2.5. Classification. To confirmwhether the extracted features
represent their respective movement type on a trial-by-trial
basis, we applied a linear classifier. Specifically, a linear sup-
port vector machine (SVM), which provides relatively robust
classification performance [29, 30], was used. The optimized
hyperplane with a maximum margin was determined from
the training dataset by applying the linear SVM. To evaluate
classification performance, we used fivefold cross validation
[31]. All ECoG features were randomly partitioned into five
subsamples. Four of the subsampleswere used for training the
classifier. The remaining subsample was used for estimating
performance. This process was repeated five times. Finally,
the averaged correct rate from all processes represented the
accuracy level for evaluating classification performance. The
prediction rate was then compared with the chance level.

3. Results

The selected electrodes from each subject were marked with
three different black shapes on the respective reconstructed
brain models (Figure 1(a)). Two electrodes were chosen for
each subject except for Subject 2 (three electrodes chosen).
The selected electrodes were placed on the primary sensori-
motor area (6 electrodes in 4 subjects), premotor and sup-
plementary areas (3 electrodes in 3 subjects), and prefrontal
area (4 electrodes in 4 subjects). Notably, electrodes on the
prefrontal area of four subjects were selected by applying our
criteria.This suggests that the premovement neuronal activity
power of the prefrontal area changes depending on the type of
movement and can be detected by ECoG. The premovement
power spectra for the selected electrodes for Subjects 1 and 2
are shown in Figure 1(b).The gray line indicates the frequency
band that exhibits a marked power difference (>3 dB at the
specific point with frequency range of ≥4Hz) between the
two movement types.

Subject-specific frequency bands are illustrated for all
subjects in Figure 2.The results demonstrate that the filtering
bands of 10 of the 13 electrodes included the beta band (13–
30Hz) and 6 of the 13 electrodes covered the alpha band
(8–13Hz). However, only 3 and 4 electrodes were used for
feature extraction from the delta (<4Hz) and gamma (30–
70Hz) bands, respectively. Furthermore, most of the selected
frequency bands were in the alpha or beta ranges. In other
words, the power spectral density (PSD) patterns disclosed
in the alpha (8–13Hz) and beta (13–30Hz) rhythms were
more informative than those in other bands. In particular,
the beta band (13–30Hz) was the most informative band at
discriminating between the two movement types when using
premovement signals, regardless of the related brain areas.

The movement type classification accuracy across the
six subjects averaged 74.0%. The average recognition rate
achieved in this study ranged from 55.4 to 99.3% (Figure 3).
As mentioned in Section 2.4, the subject-specific frequency
bands were selected based only on the data from the first

session. Subsequently, the same bands in other sessions
were used to determine the reliability of our method. In
other words, the subject-specific frequency bands in the
first session were optimized. Thus, first session accuracy was
generally higher than that in the other sessions (Figure 3).The
average accuracy of the first session was 80.3% across the six
subjects, well above that expected from chance.The accuracy
rates of the other sessions were also significantly higher than
expected from chance level. Specifically, the accuracies of the
second and third sessions were 70.1% and 69.3%, respectively.
These results demonstrate that the selected features provide
consistent movement type classification accuracy.

To investigate whether features from the prefrontal area
increase the classification accuracy, we compared themotor +
prefrontal case (features from themotor related area and pre-
frontal area) and the motor related area only case. However,
this comparison cannot be performed directly because not
all subjects had features from both the prefrontal area and
motor related area.Therefore, we performed this comparison
for the subjects who had features from both themotor related
area and prefrontal area.This result is shown in Figure 4.The
accuracies of the cases that included the prefrontal andmotor
related area (case 1) and motor related area only (case 2)
were compared in the four subjects. Classification accuracies
decreased in 10 of the 11 sessions. The accuracy of case 1 was
significantly higher than that of case 2 (paired 𝑡-test, 𝑃 <
0.01).

4. Discussion

4.1. Regions of the Brain Involved in Prediction of Motor
Planning or Preparation. Research into motor intention has
predominantly focused on motor related areas activated by
real motor tasks or kinesthetic illusions such as the supple-
mentary motor area, the premotor area, and the primary
sensorimotor area [32]. To this list, we added the prefrontal
area as an area of interest in our study into the prediction
of movement. We observed that the positions of electrodes
selected by our criteria were on the primary sensorimotor
area (𝑁 = 6), the premotor and supplementary motor area
(𝑁 = 3), and the prefrontal area (𝑁 = 4). By using
the signals from these areas, significant overall movement
type classification accuracy (74%) was obtained. This result
indicates that these regions, including the prefrontal area,
contribute to prediction of motor planning or preparation.
When a human performs a voluntary action, a set of
decision processes within that decision determines whether
to perform an action, what action to select, and whether
action execution proceeds. During the decision processes,
the prefrontal area, along with other regions such as the
basal ganglia, supplementary motor area, premotor area,
and primary sensorimotor area, is involved [18, 23]. In
electrophysiological studies with intracerebral electrodes and
ECoG, the prefrontal area has been observed to be a source
of the slow cortical potential and frequency power shifts
in the alpha and beta bands, which physiologically implies
the presence of cognitive functions such as motor planning
or preparatory states before movement onset [13, 14, 33].
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Figure 1: Brain models and projected electrode locations for all subjects (a). Some electrodes are not shown because they were located on
invisible sites or excluded by epileptic activities. All selected electrodes of each subject are marked with an asterisk, square, and triangle on the
reconstructed brain models. These three black shapes represent electrodes within the implanted areas: asterisk (primary sensorimotor area),
square (premotor and supplementary motor areas), and triangle (prefrontal area). Results of FFT analysis for selected electrodes of Subject 1
(A) and Subject 2 (B) (b). The FFT results of the prefrontal area (triangle) show a distinct difference between the two movement types in the
beta range. The y-axis has a log power scale (dB). The gray horizontal line shows a region of pronounced power differences and indicates a
selected frequency band. Blue and red lines represent the hand grasping and elbow flexion movement types, respectively.
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line indicates the chance level for the movement classification. The
average accuracy of all sessions was 74.0%.

Through our results and by considering these points, we have
demonstrated that signals from the prefrontal area can be
used to predict the occurrence of motor planning or prepa-
rations. In addition, our results carry important implications
for paralyzed patients. In particular in patients with paralysis
or trauma to the primary sensorimotor cortex, functioning
of motor related areas is most likely to be damaged over time,
and this damage may result in poor performance of a BCI
system utilizing the primary sensorimotor area. Therefore,
the usefulness of other regions needs to be investigated. In
this respect, our results suggest that the prefrontal area should
be considered when using a BCI to predict motor planning or
preparation.
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Figure 4: Difference in accuracy difference between two cases: a
case including the prefrontal and motor related area (black, case 1)
and a case including the motor related area only (gray, case 2).
Each bar represents the averaged accuracy of each session in each
subject and the average accuracy of each session for four subjects.
The average accuracies of each case for all four subjects were 76.0
and 67%, respectively.The accuracy of case 1 was significantly higher
than that of case 2 (paired 𝑡-test, 𝑃 < 0.01).

4.2. Importance of Beta Oscillation in Prediction of Motor
Planning or Preparation. Humanmotor control mechanisms
are associated with changes in the neuronal oscillations in
motor related areas. Accordingly, several electrophysiological
studies of motor preparation and execution have focused on
oscillatory activity in the human cortex [8, 34, 35]. Specif-
ically, alpha and beta band neuronal oscillatory activities
during motor preparation have been quantified as exhibiting
decreases or increases in power relative to a baseline period
over the prefrontal, premotor and supplementary motor, and
primary sensorimotor areas, and this power shift is generally
referred to as an event-related desynchronization (ERD) or
event-related synchronization (ERS) indicating a state of
active cortical processing [14, 33]. As shown in Figure 2,
beta waves (13–30Hz) as signal features were more common
than the other waves. This implies that beta band activity is
the most informative for predicting movement types. This
result partly supports findings in previous studies that have
demonstrated that the most specific feature of premovement
signals for classifying movement type is in the 8–30Hz
range [7, 8]. Several studies into brain neural oscillation have
indicated that beta frequency neural oscillationmight encode
specific information related to motor activity or preparation
[36], and it is modulated by the future task during the
intention and preparation periods [37]. In addition, beta
band activity can represent the status quo by receiving new
information about the state or the motor command [38].
In an animal study, beta band oscillation reflected not only
the maintenance of a motor plan, but also the decision
outcome [39]. In contrast to beta oscillation, alpha oscillation
did not fully represent the selection of the mode of action
and it was not modulated by the task, but it did reflect
the motor preparation state [37, 40]. To conclude, the beta
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frequency oscillation is an important neural activity pattern
in classifying movement types.

4.3. Practical Advantages of Our Movement Prediction
Approach Using ECoG. In this study, we showed that move-
ment type could be predicted before the subject moves by
using only three or fewer ECoG electrodes. This result has
profound implications for an ECoG-based BCI system. The
capacity to utilize a minimal number of electrodes in an
invasive BCI system would reduce the extent of external
injuries to users and would lighten their surgical burden. In
addition, the feature extraction method described herein is
relatively simple and does not require more complex noise
reduction and signal classification methods such as those in
independent component analysis and principle component
analysis.

In our study, once the predictive electrodes and their
associated specific frequency bands were selected from our
first session data, prediction accuracy was approximately
maintained during subsequent sessions. This predictive con-
sistency indicates that an ECoG-based BCI system that
utilized our approach would be helpful when implementing
a robust, reliable, real-time movement classification system
because of its high signal stability. In general, ECoG data
obtained from the surface of the cortex has several advantages
including better location stability, greater freedom from
muscle and movement artifacts, higher signal-to-noise ratio,
broader bandwidth, higher amplitude, and higher spatial
resolution over EEG recordings [24]. Therefore, we suggest
that our ECoG-based approach can provide useful preonset
information about movements and is a good prospect for
incorporation into a BCI system.

4.4. Prediction of Voluntary Movement Using Premovement
Signals for Fast BCI Responses. Based on our successful
prediction results, we anticipate that our method of preonset
movement prediction may allow faster BCI responses. For
successive prediction of a complex voluntary movement, a
BCI system should perform four steps: onset prediction,
movement type prediction, precise prediction of movement,
and offset detection. These steps must be done sequentially.
Recently, several researchers demonstrated that the onset and
direction of human voluntary movement could be detected
by using premovement signals of motor related areas [8, 9].
Considering these works and the results of our study, the
initial two BCI steps can be performed before movement
onset. In that case, a BCI system could initiate the third step
faster, although postonset signals are needed for performing
that step. In particular, such a BCI system could provide
additional setup time for real-time prediction of complex
movement such as three-dimensional trajectory estimation
and bimanual movement prediction, which typically require
long computation times.

4.5. Other Considerations and Limitations. Although we
obtained high classification accuracy by using premovement
signals from motor related and prefrontal areas, we did

not directly compare the accuracy levels among the pre-
frontal, premotor and supplementary motor, and primary
sensorimotor areas. Comparing the individual accuracies
of each area by adding or subtracting electrodes in other
areas is not effective because our classification accuracy was
optimized by the extracted features. In this study, the areas
for the selected electrodes were mixed, except for those
in the primary sensorimotor area (Subject 1). However, we
tested all electrodes of a subject to extract features by using
criteria that selected specific frequency band that showed
a marked power difference. In addition, the criteria did
not contain a priori information about the location of the
electrodes. In other words, the excluded electrodes did not
show marked power difference between the two movement
types. To compare the accuracy of each area directly, a
feature extraction method that functioned without electrode
selection would be required. However, such an approach was
beyond the scope of this study. Hence, although there are
several methodological limitations to our study, our results
imply that the prefrontal area should be considered when
attempting to predict motor planning or preparation because
the neuronal activities in this area were shown to contribute
to the classification of two movement types in four of our six
subjects.

In this paper, we could not investigate the high gamma
neuronal activities because of the limited sampling rates. Sev-
eral researchers have indicated high gammapower changes in
the dorsolateral prefrontal cortex during movement prepara-
tion andmental processing [26–28]. According to these find-
ings, broadband high gamma power was altered depending
on the movement stages which are determined by the pre-
and postmovement time series. Taking into account these
findings, high gamma power may be important features in
movement type classification. In our study, some prefrontal
area features contained gamma power in a relatively high
frequency range. Although the selected frequency ranges of
these features did not cover a broad range, they might reflect
the previous findings. Hence, further investigation is needed
to include features from high gamma neuronal activity to
improve the classification accuracy.

In this study, the averaged classification accuracy was
74%. This is considered a successful result in movement
prediction using the premovement stage signal. However,
our classification accuracy could be improved by several
ways. First, considering feature interaction might improve
our classification accuracy. Although the signals of adjacent
ECoG electrodes are less similar than that of the EEG
electrodes, large scale neuronal oscillatory activity such as
alpha oscillations in the sensorimotor areamight increase the
signal dependency among adjacent ECoGelectrodes. Second,
feature extraction taking into account time dependency
during the premovement period (−2 to 0 s) might improve
our BCI system. Many studies have indicated that there are
several neural states during that period [11]. In addition, the
electrophysiological brain signal is highly variable over time
even in time-locked event-related responses. Therefore, a
time-dependent feature extractionmethod such as short time
Fourier transforms during the preonset movement period
might improve the classification accuracy of our model.
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5. Conclusion

In this paper, we demonstrate that movement type can be
predicted by including prefrontal signals before the subject
moves. Our results suggest that the prefrontal area can
generate meaningful neuronal activity signals that can be
used to predict movement before the movement occurs.
Our results also suggest that beta band oscillation is the
most informative for prediction of movement types before
movement onset. Our findings should be of interest to
those applying BCI systems in neurological rehabilitation.
Our approach to ECoG-based BCI systems that utilizes
signals provided by the prefrontal area carries important
implications for patients with paralysis or trauma to the
primary sensorimotor area.
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Ibañez, “EEG alpha activity reflects motor preparation rather
than the mode of action selection,” Frontiers in Integrative
Neuroscience, vol. 6, article 59, 2012.



Research Article
Robust Deep Network with Maximum Correntropy
Criterion for Seizure Detection

Yu Qi,1,2 Yueming Wang,1,2 Jianmin Zhang,3 Junming Zhu,3 and Xiaoxiang Zheng1,4

1 Qiushi Academy for Advanced Studies, Zhejiang University, Hangzhou 310027, China
2Department of Computer Science, Zhejiang University, Hangzhou 310027, China
3 Second Affiliated Hospital of Zhejiang University, College of Medicine, Hangzhou 310000, China
4Department of Biomedical Engineering, Zhejiang University, Hangzhou 310027, China

Correspondence should be addressed to Yueming Wang; ymingwang@zju.edu.cn

Received 27 March 2014; Accepted 4 June 2014; Published 6 July 2014

Academic Editor: Ting Zhao

Copyright © 2014 Yu Qi et al. This is an open access article distributed under the Creative Commons Attribution License, which
permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.

Effective seizure detection from long-term EEG is highly important for seizure diagnosis. Existing methods usually design the
feature and classifier individually, while little work has been done for the simultaneous optimization of the two parts. This work
proposes a deep network to jointly learn a feature and a classifier so that they could help each other to make the whole system
optimal. To deal with the challenge of the impulsive noises and outliers caused by EMG artifacts in EEG signals, we formulate
a robust stacked autoencoder (R-SAE) as a part of the network to learn an effective feature. In R-SAE, the maximum correntropy
criterion (MCC) is proposed to reduce the effect of noise/outliers. Unlike themean square error (MSE), the output of the new kernel
MCC increases more slowly than that of MSE when the input goes away from the center. Thus, the effect of those noises/outliers
positioned far away from the center can be suppressed. The proposed method is evaluated on six patients of 33.6 hours of scalp
EEG data. Our method achieves a sensitivity of 100% and a specificity of 99%, which is promising for clinical applications.

1. Introduction

Epilepsy is a common and serious brain disorder, which
affects about 50 million people worldwide [1]. Epileptic
seizures are characterized by convulsions, loss of conscious-
ness, and muscle spasms resulting from excessive synchro-
nization of neuronal activities in the brain [2]. The abnormal
neuronal discharges lead to epileptic patterns such as closely
spaced spikes and slow waves in electroencephalogram
(EEG). In seizure diagnosis and evaluation, visual inspection
of these epileptic patterns from long-term EEG is a routine
job for the doctors, which could be highly tedious and
time-consuming [3]. Therefore, reliable seizure detection
system that identifies seizure events automatically would
facilitate seizure diagnosis and has great potential in clinical
applications.

There are two key points in automatic seizure detection.
One is how to capture the diverse patterns of seizure EEG. For
different individuals, the morphologies of seizure patterns
could vary considerably. Therefore, effective feature extrac-
tion plays a key role in seizure detection and lots of efforts

have been made. In order to characterize the changes in
amplitude and energy in epileptic EEG, Saab and Gotman [4]
proposed to use three measures, relative average amplitude,
relative scale energy, and coefficient of variation of amplitude.
Similarly, Majumdar and Vardhan [5] utilized the variance of
differentiation of time window to detect significant changes
in EEG signals. To identify the sharp waves which typically
appear in seizure signals, Yadav et al. [6] introduced a
morphology-based detector based on the slopes of the half-
waves of signals. To characterize the intrinsic time-frequency
components of seizure patterns, Ghosh-Dastidar et al. [7]
used principal component analysis and Zandi et al. [8]
applied wavelet transform to decompose the EEG signal for
feature enhancement. To encode the changes in dynamics
of epileptic signal, Jouny and Bergey [9] utilized nonlinear
measures of sample entropy and Lempel-Ziv complexity. To
describe the topology state of epilepsy, Santaniello et al. [10]
transformed the multichannel EEG data into a cross-power
matrix, and eigenvalues of the matrix are used for seizure
detection. The other key point is how to reduce the effect
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of noise. The noises caused by electromyography (EMG) or
electrode movements commonly appear in EEG signal and
are prone to trigger false alarms. These artifacts could bring
impulsive changes with large amplitudes in EEG signal and
lead to outlying values in the feature space. Some existing
methods simply assumed these noises to be Gaussian [11, 12]
and thus would be fragile given large amounts of outliers.
Other approaches applied specific false alarm avoidance
methods against these noises [4–6].

Although existing methods have shown some strengths
in specific EEG datasets, the following problems have not yet
been well explored. First, most existing features are designed
according to the observation of a few seizure patterns, which
seems too empirical to cover a wide range of seizure patterns;
thus the features are usually suboptimal. Second, existing
methods could be sensitive to the noises in EEG signals. Arti-
facts caused by EMG or electrode movements probably lead
to a EEG signal shape similar to that of seizure states. A simple
Gaussian assumption for the noises can be incorrect and
the approaches designed based on this can cause high false
alarms [11, 12]. Finally, most methods design the feature and
classifier individually. Few efforts have been made to study
the relationship between them or simultaneously optimize
both of the two parts to maximize the abilities of them.

Inspired by the great success of deep network in image
retrieval, speech recognition, and computer vision [13–21],
this paper proposes a deep model framework to deal with
the above issues. The main contributions of our work can be
summarized as follows.

(i) Instead of manually designing a feature, we propose a
network called robust stacked autoencoder (R-SAE)
to automatically learn a feature to represent seizure
patterns.The reconstruction error is first used to learn
an initial feature.

(ii) To reduce the effect of noises on EEG signals, we
formulate a maximum correntropy criterion (MCC)
to the R-SAE network. Unlike the traditional autoen-
codermodel which uses themean square error (MSE)
as the reconstruction cost, the output of the new
kernel MCC increases more slowly than that of MSE
when the input goes away from the center. Thus,
the effect of those noises/outliers positioned far away
from the center can be suppressed.

(iii) The R-SAE part and classification part are integrated
to a new deep network. The objective of the network
is the best seizure classification accuracy. Thus, both
the initial feature and the classifier could be optimized
according to the detection objective so that the whole
detection system could be as optimal as possible.
Besides, the optimal feature is completely data-driven.
Given enough training data, the optimal feature
learned by our method is able to represent various
seizure patterns.

Our method is evaluated on 33.6 hours of EEG signals
from six patients.With theMCC-based R-SAEmodel, robust
features are extracted from noisy EEG signal that the sensi-
tivity and specificity increase by 14% and 1% compared with

Table 1: Patient information and selected frequency bands.

Patient Sex Chan. # Sei. # Hours Freq. band
Pt01 Female 28 2 5.6 14–30Hz
Pt02 Female 28 2 5.6 8–13Hz
Pt03 Female 28 3 5.6 4–7Hz
Pt04 Male 28 3 5.6 14–30Hz
Pt05 Male 28 3 5.6 8–13Hz
Pt06 Male 28 3 5.6 8–13Hz

the traditional stacked autoencoder (S-SAE). By supervised
joint optimization of our deep model, the features are further
optimized with better separability in the feature space and
the sensitivity and specificity increase by 8% and 15%, respec-
tively. In comparison with other methods, the proposed R-
SAE model outperforms the competitors and achieves a high
sensitivity of 100% and a specificity of 99%.

The rest of this paper is organized as follows. Section 2
presents the detail of the R-SAE deep model.The experimen-
tal results and discussions are shown in Section 3. Finally, we
draw the conclusions in Section 4.

2. Materials and Methods

The framework of our method is shown in Figure 1. The
multichannel EEG signals are firstly divided into short-time
segments, and we calculate the cross-power matrix for each
segment to reveal the spatial patterns of the brain. Then,
compact features are extracted from the cross-power matrix
by a deep network cascaded to a softmax classifier. In our
method, the deep network is first pretrained with the R-SAE
model to extract useful features, and then the features are
further optimized jointly with the classifier to obtain optimal
seizure detection system.

2.1. EEG Data. Scalp EEG data of six patients are used in
this study. The EEG data were recorded during long-term
presurgical epilepsy monitoring using NicoletOne amplifier
at Second Affiliated Hospital of Zhejiang University, College
of Medicine. A total of 28 channels were acquired at the
sample rate of 256Hz according to 10–20 electrode placement
systems. The detail of the EEG data is given in Table 1. For
each patient, all the available seizure EEG signals are used,
and we randomly choose two 2.8-hour-long EEG segments
as the nonseizure data segmentation and data preparation.

2.2. Segmentation and Data Preparation. In the preprocess-
ing stage, the multichannel EEG data are divided into 5-sec-
ond-long segments with a sliding window. For each patient, a
total of 4000 segments of nonseizure data and 1000 segments
of seizure data are divided from the EEG signals. There is
no overlap between nonseizure segments, while, for seizure
segments, the proportion of overlap is configured considering
the total length of the seizure signal and number of segments
required.

After segmentation, all the segments are disordered and
we randomly pick 750 seizure segments and 750 nonseizure
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Figure 1: Framework of our method.

segments as the training set and the rest 3500 segments are
used as the testing set. All the experiments are carried out on
the same training and testing set.

2.3. Multichannel Analysis. Studies have shown that the cor-
relation structure of all pairs of EEGchannels could reflect the
spatiotemporal evolution of electrical ictal activities [22–24].
By characterizing the spatiotemporal patterns, it is possible to
identify seizures and analyze seizure dynamics.

In this study, we adopt cross-power matrix [10] to reflect
the spatial patterns of the brain. For each timewindowwith𝑁
channels, the cross-power matrix A is 𝑁 × 𝑁. Each element
𝑎
𝑖𝑗
in A is defined by the cross-power [10] between the two

EEG channels 𝑖 and 𝑗 in a given frequency band of [𝑙𝑏, 𝑢𝑏] as
follows:

𝑎
𝑖𝑗
= ∫

𝑢𝑏

𝑙𝑏

𝑃
𝑖𝑗
(𝜔) 𝑑𝜔, (1)

where 𝑃
𝑖𝑗
(𝜔) is the cross-power spectral density of channels 𝑖

and 𝑗 at frequency 𝜔.

2.4. Frequency Band Selection. Considering the diversity of
epileptic patterns among patients, we choose the frequency
band patient specifically from theta (4–7Hz), alpha (8–
13Hz), and beta (14–30Hz) bands. In order to select the
frequency band that best reflects the difference between
seizure and nonseizure states, we adopt Fisher’s discriminant
ratio (FDR) [25] as the criterion as follows:

𝐶 =

(𝜇
𝑠
− 𝜇
𝑛
)
2

𝜎
2

𝑠

+ 𝜎
2

𝑛

, (2)

where 𝜇
𝑠
and 𝜎2

𝑠

are means and covariance, respectively, of
cross-power matrix of seizure segments and 𝜇

𝑛
and 𝜎2

𝑛

are
those of nonseizure segments. For each patient, only the
training segments are utilized for frequency band selection,
and the frequency band with the highest FDR is used for
seizure detection. The frequency band selected for each
patient is shown in Table 1.

2.5. Robust Stacked Autoencoder. After multichannel analy-
sis, each time window is represented by a cross-power matrix
of 𝑁 × 𝑁, where 𝑁 denotes the number of EEG channels.
We propose to employ robust stacked autoencoders to extract
reliable and compact features from the cross-power matrix.

In this section, first, we briefly introduce the basic autoen-
coder. Then, the robust autoencoder with MCC is presented
to improve the feature learning ability under noises. Finally,
we stack the robust autoencoders into a deep model for
compact feature extraction.

2.5.1. Basic Autoencoder. Here, we begin with the traditional
standard stacked autoencoder model (S-SAE). An autoen-
coder is a three-layer artificial network including an encoder
and a decoder. The encoder takes an input vector x and maps
it to a hidden representation x through a nonlinear function
as follows:

x = 𝑠 (W(1)x + b(1)) , (3)

where 𝑠(⋅) is the sigmoid function. Suppose x and x are 𝑑-
dimensional and 𝑑-dimensional vectors, respectively; then
W(1) is a 𝑑 × 𝑑 weight matrix and b(1) is a 𝑑-dimensional
bias vector.

Then, the vector x is mapped back to a reconstruction
vector y by the decoder as follows:

y = 𝑠 (W(2)x + b(2)) , (4)

where the output vector is 𝑑-dimensional,W(2) is 𝑑 × 𝑑, and
b(2) is a 𝑑-dimensional bias vector.

The parameter set 𝜃 = {W(1), b(1),W(2), b(2)} is optimized
by minimizing the average reconstruction error as follows:

𝜃 = argmin
𝜃

1

𝑛

𝑛

∑

𝑖=1

𝐿 (x
𝑖
, y
𝑖
) , (5)
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Figure 2: An EEG segment with impulsive noises. (a) EMG artifacts cause short-term burst noises in some channels of EEG signal; (b)
visualization of the cross-power matrix of the segment with noises. The vertical and horizontal axes denote the channels and each point (𝑖, 𝑗)
in this figure is the cross-power value of channel 𝑖 and channel 𝑗. The cross-power matrix contains outliers with large values. Because of the
noise, the cross-power between channel 17 and channel 18 is far away from the interquartile range value (5.41 × 104 versus 395.3).

where 𝐿 is the loss function. Mostly, the mean square error
(MSE) is used as

𝐽MSE (𝜃) =
1

𝑛

𝑛

∑

𝑖=1

𝐿MSE (x𝑖, y𝑖)

=

1

𝑛

𝑛

∑

𝑖=1

(

1

2





y
𝑖
− x
𝑖






2

) .

(6)

2.5.2. Robust Autoencoder. The traditional autoencoder
model based on MSE loss is not suitable for stable feature
learning in EEG signals. In EEG, especially in scalp EEG
signals, the large amount of noises caused by EMG artifacts
or electrode movements could bring abrupt changes in
EEG signal and lead to outliers in both time and frequency
domain. A typical example is shown in Figure 2. In this time
window, the EEG signals are noised by short-term EMG
artifacts which lead to abrupt large-amplitude vibrations
in some of the channels as shown in Figure 2(a). In the
cross-power domain, such artifacts lead to outlying large
values as in the light blocks in Figure 2(b). In the example
illustrated, the cross-power between channel 17 and channel
18 is 5.41 × 104, which is far away from the interquartile
range value of 395.3. In this situation, the MSE-based cost
of the traditional autoencoder model could be dominated
by these outliers so that the feature learning ability is
weakened.

In order to learn robust features from EEG signals, we
replace the loss function of the autoencoder model with cor-
rentropy-based criterion to build robust autoencoder.

Maximum Correntropy Criterion. Correntropy is defined as
a localized similarity measure [26] and it has shown good
outlier suppression ability in studies [27, 28]. For two random
variables𝑋 and 𝑌, the correntropy is defined as

𝑉
𝜎
(𝑋, 𝑌) = 𝐸 [𝜅

𝜎
(𝑋 − 𝑌)] , (7)

where 𝐸[⋅] is the mathematical expectation and 𝜅
𝜎
(⋅) is the

Gaussian kernel with kernel size of 𝜎 as follows:

𝜅
𝜎
(⋅) =

1

√2𝜋𝜎

exp(− (⋅)
2

2𝜎
2

) . (8)

The correntropy induces a newmetric that, as the distance
between 𝑋 and 𝑌 gets larger, the equivalent distance evolves
from 2-norm to 1-norm and eventually to zero-norm when
𝑋 and 𝑌 are far apart [29]. Compared with second-order
statistics such asMSE, correntropy is less sensitive to outliers.
Figure 3 compares the second-order cost and correntropy
cost. As the input 𝑥 goes further from the center, the second-
order cost increases sharply, so that it is sensitive to outliers.
By contrast, the correntropy is only sensitive in a local range
and the increase of the cost is extremely slow when the input
value goes out of the central area. Therefore, the correntropy
measure is particularly effective in outlier suppression.

In practice, the joint probability density function is
unknown and usually only a finite set of samples of
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𝑁
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is available for both 𝑋 and 𝑌; then the estimated
correntropy can be calculated by

�̃�
𝜎
(𝑋, 𝑌) =

1

𝑁

𝑁

∑

𝑖=1

𝜅
𝜎
(𝑥
𝑖
− 𝑦
𝑖
) . (9)

The maximum of correntropy error in (9) is called
the maximum correntropy criterion (MCC) [29]. Due to
the good outlier rejection property of correntropy, MCC is
suitable for robust algorithm design.

Robust Autoencoder Based on MCC. In order to improve the
antinoise ability of traditional autoencoders, we measure the
reconstruction loss between the input vector x and the output
vector y by MCC instead of MSE. In the MCC-based robust
autoencoder, the cost function 𝐽 is formulated as

𝐽MCC (𝜃) =
1

𝑛

𝑛

∑

𝑖=1

𝐿MCC (x𝑖, y𝑖)

=

1

𝑛

𝑛

∑

𝑖=1

𝑚

∑

𝑗=1

𝜅
𝜎
(𝑥
𝑗

𝑖

− 𝑦
𝑗

𝑖

) ,

(10)

where 𝑛 is the number of training samples and𝑚 is the length
of each training sample. The optimal parameter 𝜃 is obtained
when 𝐽MCC(𝜃) is maximized.

In order to encourage the deep model to capture more
implicit patterns, a sparsity-inducing term is adopted. Studies
of sparse coding have shown that the sparseness seems to play
a key role in learning useful features [30, 31]. Xie et al. [32]
combined the virtues of sparse coding and deep networks
into a sparse stacked denoising autoencoder to achieve better
feature learning and denoising performance. In our model,
we regularize the reconstruction loss by a sparsity-inducing
term defined as in [32] as follows:

𝐽sparse (𝜃) = 𝛽

𝑠2

∑

𝑖=1

KL (𝜌 ‖ 𝜌
𝑖
) , (11)

where 𝛽 is the weight adjustment parameter, 𝑠
2
is the number

of units in the second layer, 𝜌
𝑖
is the activation value for the

𝑖th hidden layer unit, and 𝜌 is a small number. The sparsity-
inducing term constrains that the value of 𝜌

𝑖
should be near

𝜌 under Kullback-Leibler divergence.

Also, a weight decay term 𝐽weight(𝜃) is added to avoid
overfitting. It is defined as follows:

𝐽weight (𝜃) =
𝜆

2

2

∑

𝑙=1

𝑠𝑙

∑

𝑖=1

𝑠𝑙+1

∑

𝑗=1

(𝑤
(𝑙)

𝑗𝑖

)

2

, (12)

where𝑤(𝑙)
𝑗𝑖

represents an element in𝑊(𝑙), 𝜆 is the parameter to
adjust the weight of 𝐽weight(𝜃), and 𝑠𝑙 denotes number of units
in layer 𝑙. Therefore, the cost function of the proposed robust
autoencoder is defined as

𝐽R-SAE (𝜃) = −𝐽MCC (𝜃) + 𝐽weight (𝜃) + 𝐽sparse (𝜃) . (13)

By minimizing the cost of 𝐽R-SAE(𝜃), the parameter set 𝜃
could be optimized.

2.5.3. Stacking Robust Autoencoders into Deep Network. In
order to learnmore effective features for seizure classification,
we stack the robust autoencoders into a deepmodel. Stacking
the robust autoencoders works in the same way as stacking
the ordinary autoencoders [17] and the output from the
highest layer is cascaded to a softmax classifier for seizure
detection. Such a model aims at the best seizure classification
accuracy, and it is able to simultaneously optimize the feature
and classifier.

The training process of the deep network includes two
stages: unsupervised pretraining and supervised fine-tuning.
In the pretraining stage, the network is trained layer-wisely
by the proposed robust autoencoder model to learn useful
filters for feature extraction. A well pretrained network yields
a good starting point for fine-tuning [33]. In the fine-tuning
stage, a softmax classifier is added to the output of the
stack, and the parameters of the whole system are tuned to
minimize the classification error in a supervisedmanner.The
network is globally tuned through back-propagation and all
the parameters of both feature extraction and classification
are jointly optimized. After fine-tuning, the deep network
is well configured to obtain optimal overall classification
performance.

3. Results and Discussion

In this section, experiments are carried out to evaluate the
seizure detection performance of our model. The exper-
iments include four parts: (1) we compare the unsuper-
vised feature learning performance of the modified R-SAE
model and the standard stacked autoencoder (S-SAE); (2)
we compare the features before and after supervised fine-
tuning to demonstrate the strength of joint optimization;
(3) we compare the seizure detection performance of R-SAE
model with other methods; (4) we evaluate the influence
of parameters in the R-SAE model on the seizure detection
performance.

In our experiments, the seizure detection performance is
evaluated with the two commonly used criteria, sensitivity
and specificity. Sensitivity is defined as the percentage of true
seizure segments detected and specificity is the proportion of
nonseizure segments correctly classified.
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Figure 4: Unsupervised feature learning results by R-SAE model for patient pt03 (a) and pt04 (b). For each subfigure, the top is the original
EEG signal from one channel and the bottom is the features extracted by the R-SAE model.

3.1. Performance of Feature Learning. In this experiment,
we evaluate the unsupervised feature learning ability of the
R-SAE model with EEG signals. In our method, we train
the R-SAE model to learn compact features from the cross-
power matrix. After the layer-wised self-taught training, the
deep network is well configured to learn useful features.
The feature extraction results of the proposed R-SAE model
are illustrated in Figure 4. For both illustrations, the seizure
begins at about the 20th second. After seizure onset, the
patterns of features extracted by R-SAE model show clear
differences from nonseizure ones.

The feature learning performance of R-SAE and S-SAE is
compared using EEG signal. In order to evaluate the ability
of the features quantitatively, we utilize the classification
performance as the criterion. In this experiment, the cost
function of the S-SAE model is as follows:

𝐽S-SAE (𝜃) = 𝐽MSE (𝜃) + 𝐽weight (𝜃) + 𝐽sparse (𝜃) , (14)

where the loss function 𝐽MSE(𝜃) is formulated with MSE-
based loss function as in (6) and 𝐽weight(𝜃) and 𝐽sparse(𝜃) are
formulated the same as R-SAE.

We stack two autoencoders to constitute a three-layer
network with 784 input units, 50 hidden units, and 10 output
units. The same stacked architectures are applied for both R-
SAE and S-SAE. The networks are initialized randomly and
trained layer-wisely using back-propagation to minimize the
cost functions. The parameters are set as 𝜆 = 0.003, 𝛽 = 3,
and 𝜌 = 0.1 for both methods and 𝜎 = 0.05 for R-SAE.

The seizure detection results of both R-SAEmodel and S-
SAE model are shown in Table 2. In order to eliminate the
effects of randomness in network initialization, we present
all the results averaged over 10 trials. Results show that the
average sensitivity of R-SAE is 97%, which demonstrates 14%
improvement compared with S-SAE. With specificity, the
average result is 92% for R-SAE which is also higher than that

of S-SAE.Thus, R-SAE outperforms S-SAE in both sensitivity
and specificity.

In the analysis of the detection results, we find that S-
SAE fails mostly on EEG segments with impulsive noises
such as the segment illustrated in Figure 2. Since such abrupt
artifacts could appear frequently in EEG signals, the S-SAE
model could not be well trained because the MSE-based cost
could be dominated by the large outliers. Thus, these EEG
segments could not be well represented by the S-SAE model.
By contrast, the MCC in the R-SAE model is more robust to
large outliers. Therefore, the proposed R-SAE method could
handle noises in EEG signal well, and it provides more robust
feature extraction performance than S-SAE.

3.2. Performance of Joint Feature Optimization. In this exper-
iment, we test the effects of joint feature optimization. After
the MCC-based unsupervised learning, the deep network is
well configured to extract useful features from EEG signals.
On this basis, the deep model is fine-tuned through back-
propagation to jointly optimize both feature and classifier, so
that the optimal overall classification performance could be
achieved. In this experiment, the parameters of R-SAE are set
the same as in Section 3.1 that only the unit number of the
output layer is set to 3 for visualization convenience.

The visual comparison of features before and after fine-
tuning is illustrated in Figure 5. In Figures 5(a) and 5(b),
the red circles denote features of seizure segments while the
blue stars are nonseizure ones. It can be seen that, after
fine-tuning, the seizure and nonseizure segments are more
separable in the feature space. We quantitatively analyze the
separability of the features before and after fine-tuning with
the FDR criterion as in (2) using the first four patients.
As illustrated in Figure 5(c), the fine-tuned features achieve
about ten times higher FDR than do the original ones, which
strongly indicates that the joint optimization could help to
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Figure 5: Comparison between features before and after joint optimization. (a-b) Visualization of features for seizure and nonseizure seg-
ments. The red circles denote features of seizure segments while the blue stars are nonseizure ones. (c) The FDR value of features before and
after joint optimization.

Table 2: Comparison between R-SAE and S-SAE (before fine-tuning).

Patient R-SAE S-SAE
Sensitivity Specificity Sensitivity Specificity

Pt01 0.99 ± 8.1 × 10
−3

0.96 ± 2.0 × 10
−2

0.83 ± 2.0 × 10
−1

0.92 ± 3.2 × 10
−2

Pt02 0.96 ± 2.0 × 10
−2

0.91 ± 1.7 × 10
−2

0.90 ± 1.0 × 10
−1

0.83 ± 7.6 × 10
−2

Pt03 0.96 ± 1.5 × 10
−2

0.93 ± 2.1 × 10
−2

0.82 ± 2.8 × 10
−1

0.93 ± 3.2 × 10
−2

Pt04 0.95 ± 3.7 × 10
−2

0.91 ± 1.3 × 10
−2

0.91 ± 4.1 × 10
−2

0.92 ± 2.6 × 10
−2

Pt05 0.98 ± 1.7 × 10
−2

0.94 ± 1.5 × 10
−2

0.70 ± 1.3 × 10
−1

0.96 ± 2.4 × 10
−2

Pt06 0.97 ± 2.9 × 10
−2

0.84 ± 5.5 × 10
−2

0.82 ± 1.7 × 10
−1

0.90 ± 1.5 × 10
−2

Avg. 0.97 ± 1.3 × 10
−2

0.92 ± 3.8 × 10
−2

0.83 ± 6.9 × 10
−2

0.91 ± 4.0 × 10
−2

learn superior features with high separability, so that the
seizure detection performance could be improved.

The seizure detection performance of features before and
after fine-tuning is presented in Table 3. After joint feature
learning, the average sensitivity of six patients increases
by 8% and the specificity increases by 15%. Therefore, the
joint learning process enhances the separability of features

between the two classes and greatly facilitates seizure detec-
tion performance.

3.3. Performance of SeizureDetection. In this experiment, sei-
zure detection performance of the proposed R-SAE model is
evaluated and compared with singular value decomposition-
(SVD-) based method.The SVDmethod is the most popular
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Figure 6: Model analysis of two important parameters of R-SAE. (a) Seizure detection performance under different feature numbers; (b)
seizure detection performance with different selections of 𝜎. In this figure, SEN-FT and SPE-FT are sensitivity and specificity after fine-tuning
and SEN-NFT and SPE-NFT are those before fine-tuning.

Table 3: Comparison of seizure detection performance before and
after fine-tuning (FT).

Feature Sensitivity Specificity
Before FT 0.90 ± 1.0 × 10

−1

0.84 ± 1.4 × 10
−1

After FT 0.98 ± 3.1 × 10
−2

0.99 ± 4.7 × 10
−3

tool for correlation matrix analysis. Studies have shown that
the seizure EEG signals commonly lead to a lower-complexity
state which could be well reflected by the eigenvalues from
SVD of the correlation matrix [10, 22].

To provide a benchmark for the comparison, we also test
the seizure detection performance with the original cross-
power matrix without further feature extraction. The meth-
ods included in the comparison are configured as follows.

(i) SVM: in SVM, the cross-power matrices of time
windows are reshaped to vectors and fed into an SVM
classifier with RBF kernel.The parameters of the SVM
model are selected using 3-fold cross-validation.

(ii) SVD(p) + SVM: for each time window, the cross-
power matrix is decomposed by SVD, and the first 𝑝
eigenvalues are adopted as the features. The feature
vectors are then classified by an SVM classifier with
RBF kernel. The parameters of the SVM model are
selected using 3-fold cross-validation.

(iii) R-SAE(q): the R-SAE model is configured with 784
input units, 50 hidden units, and 𝑞 output units. The
parameters are set as 𝜆 = 0.003, 𝛽 = 3, 𝜌 = 0.1, and
𝜎 = 0.05. For thismethod, all results are averaged over
10 trials.

The seizure detection results of the three methods are
given in Table 4. For both SVD+ SVMandR-SAE, we test the
seizure detection performance under two different choices
of parameters of 𝑝 and 𝑞, respectively. Results show that,
with the original cross-power matrix classified by SVM, high
sensitivities of above 0.99 are achieved for all six patients and
the average specificity is 0.91. By the SVD + SVM method
with 𝑝 = 3, uneven performance is shown in different
patients. For pt03, high sensitivity of 0.96 is reached with

0.99 of specificity. However, low sensitivities are obtained for
pt01, pt05, and pt06. For SVD + SVM method with 𝑝 = 10
where more features are preserved, better sensitivities and
specificities are achieved. However, the uneven performance
over patients still exists, and the average sensitivity is only
0.83. Since the feature extraction process of the SVD-based
method loses much useful information, lower performance
is obtained compared with SVM benchmark. Besides, the
seizure detection performance sees a decrease when fewer
eigenvalues are used. By contrast, the proposed R-SAE
method achieves better performance than the benchmark
SVMmethod. In R-SAE with 𝑞 = 10, high sensitivities of 1.00
and specificities of 0.99 are achieved for all patients. Equally
high performance is obtained with 𝑝 = 3. The R-SAE model
keeps robust seizure detection ability even with such small
dimension of features.

3.4. Model Analysis. In this experiment, we test the influence
of the two important parameters on the seizure detection per-
formance. The first parameter is the output feature number,
that is, the number of units of the output layer of the R-SAE
model, and the second parameter is the kernel size 𝜎 inMCC.
The experiment is carried out using the first four patients.

3.4.1. Analysis of Feature Number. The feature number is
tuned by the parameter 𝑞 in Section 3.3. In order to test the
influence of 𝑞 on seizure detection, all the other parameters
are fixed as in Section 3.3 and we gradually tune 𝑞 from
20 to 3. Figure 6(a) illustrates the seizure detection results
averaged over four patients under different choices of 𝑞.
The result shows that the seizure detection performance of
R-SAE before fine-tuning sees a slight decrease with the
decrease of feature number. However, after the fine-tuning,
the seizure detection performance is greatly enhanced that
high sensitivities and specificities up to 99%are achieved even
with small feature numbers.

3.4.2. Analysis of 𝜎. In the MCC, the kernel size 𝜎 serves as
an important parameter that an appropriate choice of 𝜎 can
effectively suppress the outliers and noises. The kernel size
or bandwidth is a free parameter that its selection is still an
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Table 4: Comparison with other methods.

Method Pt01 Pt02 Pt03 Pt04 Pt05 Pt06 Avg
SEN∗ SPE∗ SEN SPE SEN SPE SEN SPE SEN SPE SEN SPE SEN SPE

SVM 1.00 0.96 1.00 0.89 1.00 0.93 0.99 0.95 1.00 0.96 1.00 0.78 1.00 0.91
SVD(3) + SVM [10] 0.45 1.00 0.72 0.99 0.96 0.99 0.84 0.95 0.46 0.98 0.64 0.97 0.68 0.98
SVD(10) + SVM [10] 0.61 1.00 0.76 0.99 0.99 1.00 0.80 0.95 0.84 0.93 0.95 0.96 0.83 0.97
R-SAE(3) 1.00 0.99 0.99 0.99 0.98 0.99 1.00 0.99 1.00 0.99 0.92 0.98 0.98 0.99
R-SAE(10) (ours) 1.00 0.99 1.00 0.99 1.00 0.99 1.00 0.99 1.00 0.99 0.99 0.97 1.00 0.99
∗SEN indicates sensitivity and SPE is specificity.

open issue in ITL [26, 29, 34]. In practice, the parameter 𝜎
can be selected with Silverman’s rule [35]. In the experiments
of Sections 3.1–3.3, we simply set 𝜎 = 0.05.

Here, we test the influence of parameter 𝜎 on overall
seizure detection performance. Also, all the other parameters
are fixed as in Section 3.3. Figure 6(b) illustrates the seizure
detection results under different selections of 𝜎 averaged
over four patients. Results show that high seizure detection
performance could be achieved under a wide choice of 𝜎.
Better results are obtainedwith small 𝜎, andwhen 𝜎 increases
from 0.1 to 0.2, the seizure detection performance becomes
worse. In practice, the choice of 𝜎 should be small to keep
good local property of the MCC.

4. Conclusions

In this paper, we have presented a novel deep model which is
capable of extracting robust features under large amounts of
outliers. Experimental results show that the proposed R-SAE
model could learn effective features in EEG signals for high
performance seizure detection, and it is promising for clinical
applications.
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Decoding neural signals into control outputs has been a key to the development of brain-computer interfaces (BCIs). While many
studies have identified neural correlates of kinematics or applied advanced machine learning algorithms to improve decoding
performance, relatively less attention has been paid to optimal design of decoding models. For generating continuous movements
from neural activity, design of decoding models should address how to incorporate movement dynamics into models and how to
select a model given specific BCI objectives. Considering nonlinear and independent speed characteristics, we propose a hybrid
Kalman filter to decode the hand direction and speed independently. We also investigate changes in performance of different
decoding models (the linear and Kalman filters) when they predict reaching movements only or predict both reach and rest. Our
offline study on human magnetoencephalography (MEG) during point-to-point arm movements shows that the performance of
the linear filter or the Kalman filter is affected by including resting states for training and predicting movements. However, the
hybrid Kalman filter consistently outperforms others regardless of movement states. The results demonstrate that better design
of decoding models is achieved by incorporating movement dynamics into modeling or selecting a model according to decoding
objectives.

1. Introduction

Brain-computer interfaces (BCIs) aim to establish an artificial
interface between the brain and external systems through
which a person can control effectors without physical move-
ments [1–4]. BCIs have been applied to rehabilitation of
motor functions lost due to neurological disorders. For
instance, a number of studies have demonstrated that patients
with tetraplegia could control assistive systems directly using
BCIs [5–10]. Also, in conjunction with robotic devices, BCIs
have been used to detect motor intentions of stroke patients
to develop a self-regulating rehabilitation system [11–14].

Restoration of motor functions particularly in people with
paralysis has been mostly investigated using invasive BCIs
that harness an ensemble of single-unit spiking activity [5–
8]. These BCIs have been designed to generate continuous
kinematic parameters such as position, velocity, acceleration,
force, and joint angles of limb movements [15–20]. Recently,
noninvasive BCIs based on electroencephalography (EEG) or
magnetoencephalography (MEG) have also been proposed to
predict continuous kinematic parameters of arm movements
in humans [21–27].

Inference of continuous kinematic parameters from neu-
ral signals requires accurate and reliable neural decoding
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models [28–33]. Decoding models aim to find a functional
mapping between neural representations and one or more
kinematic parameters. A number of mathematical models
have been employed as decoding models for invasive and
noninvasive BCIs, including the linear filter, Kalman filter,
point process models, neural networks, and support vector
machine, to name a few [34–40]. Many BCI studies on
the construction of decoding models have been focused on
proposing a state-of-the-art machine learning technique as a
new decodingmodel or simply comparing different decoding
models in terms of decoding performance to choose the best
one for their applications [40]. In particular, the design of
noninvasive BCIs has been generally rather concentrated on
finding optimal neural features than optimizing decoding
models. This is partly because the noninvasive BCI output
space is more likely limited and usually discrete so that the
characteristics of the output space seem less important to
designing decoding models. However, when a noninvasive
BCI is used to produce continuous kinematic states, which
create a much sophisticated and dynamic output state space,
one may need to be concerned with how to incorporate
the characteristics of kinematic parameters into decoding
models. In addition, departing from a simple comparison
among candidate models followed by the selection of the
best, it would be beneficial if we understand more about how
individual decoding models work in different circumstances.
It can then provide a useful guideline for BCI researchers
to choose a decoding model appropriate for their own
applications.

In the present study, we investigate whether consideration
of handmovement dynamics in the design of decoding mod-
els can enhance decoding performance. The investigation
is conducted on the human MEG data collected from a
noninvasive BCI experiment in which the human subjects
performed point-to-point arm reaching movements. We
focus especially on the nonlinear characteristics of the hand
speed profile and its independence of movement directions.
While many BCI studies have typically decoded the hand
velocity from neural signals, the hand speed alone could also
be decoded from neural signals during point-to-point reach-
ing movements [19, 41, 42]. Hence, we propose to decompose
the hand velocity into its speed and direction parameters
and decode each parameter independently. While we use the
standard Kalman filter for hand direction estimation, due
to the nonlinear characteristics of hand speed profiles, we
simply augment the Kalman filter by adding a nonlinear filter
for hand speed estimation.Then, we investigate whether such
hybrid decoding of speed and direction can improve hand
trajectory reconstruction from the human MEG signals.

Also, we investigate how decoding models are affected
by varying model design factors. Here we examine the
effect of choosing movement states on different decoding
models. Specifically, we study the effect of two distinct arm
movement states: the rest and reach states [43]. Performance
of individual decoding models is evaluated for two cases
when eachmodel estimates the reach state only or both states
together. As for decoding models, we examine the two most
widely used filters for kinematic estimation in BCIs—the

Kalman filter and linear filter—as well as the hybrid filter
newly proposed above.

To assess the performance of decoding continuous hand
trajectories, we adopt the evaluationmeasures used for point-
ing devices [44]. These measures have also been leveraged to
assess neural cursor control performance in the previous BCI
studies [7, 8, 45] andmay well serve to evaluate reconstructed
trajectories of pointing movements. Various performance
measures used in this study are expected to collectively
provide a richer assessment tool for decoding performance.

2. Materials and Methods

2.1. Experimental Procedure. Nine subjects (19–37 years; five
males) participated in the study. All the participants were
right-handed (>80 on the Edinburgh Handedness Inventory
score) and not color-blind. The institutional review board
(IRB) of the Seoul National University Hospital approved this
study and all the participants providedwritten informed con-
sent after the study procedure had been explained to them.
During the experiment, the participants were instructed to
move their right arm in a specified three-dimensional space
while their other body parts were fixed (Figure 1(a)). A
cushionwas placed under the participants’ elbow tominimize
the potential artifacts from the arm movement. Participants’
head movements were restricted by placing their head in a
fixed MEG helmet. In addition, the tSSS filtering was applied
to the MEG signals, as described in Section 2.3, to reduce
artifacts from external sources. Stereographic images were
shown on the screen using the STIM2 system (Neuroscan,
El Paso, TX, USA) in order to give instructions of the three-
dimensional movements.

In the beginning of the experiment, the participants were
shown a sphere in the middle of the screen for four seconds.
In this period, the participants were instructed to locate their
index finger on the sphere. After this initial period, a target
sphere appeared for one second in one of the four corners
along with a line that connected the target with the center
sphere. During this period, the participants were instructed
to move their index finger from the center to the target
sphere following the line (a center-out task) and to move
back to the center sphere as fast as they could. Average
movement time was 930.1 ± 330.5ms (mean ± SD). A trial
ended after this period and continued onto the next initial
period of the consecutive trial. No time limit was imposed
on a trial because the time interval between trials was large
enough (4 s) to allow participants to complete the movement
task and rest until the onset of the subsequent movement.
The location of target sphere was randomly determined in
each of the four corners: upper-left, upper-right, bottom-left,
and bottom-right corners. A single session consisted of one
hundred twenty trials, including thirty trials per target. Each
participant completed two sessions (Figure 1(c)).

2.2. Virtual Stimuli. An anaglyph approach was employed to
produce three-dimensional images that were used as stimuli
in our experiment. An image generated by the anaglyph
approach is invisible when a person sees it with the same
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Figure 1: Experiment paradigm. (a) A photograph showing the visual stimuli.Whole-headMEG signals were acquired during point-to-point
reaching movements (center-out paradigm). (b) Movement speed profiles for different target directions. Each gray line illustrates a speed
profile for each reaching movement towards one of four targets (radial) from the center target (middle). (c) Drawings show the sequence of
the visual stimuli. At the beginning of the experiment, a sphere was presented on the center of the screen. After 4 s, a target sphere with a
stick connected to the center sphere appeared on one corner for 1 s. The subject was instructed to move his/her right index finger from the
center to the target and trace back to the center within this 1 s period. The target appeared in a pseudorandom order.

color of glasses as the image color. The participants wore the
colored glasses with a red glass on one eye and a blue glass on
the other. Then, if a single object was shown as two different
images each being colored in red or blue, each eye would only
sense the image with opposite color and the object would
stand at the intersection of two visual fields, to create a 3D
virtual object [27].We thus generated two images of the same
object with different viewpoints (i.e., different angles) using
the Autodesk 3ds MAX 2011 program (Autodesk, San Rafael,
CA, USA). Those two images were then converted into an
anaglyph image using theAnaglyphMaker software (ver. 1.08;
http://www.stereoeye.jp/).

2.3. MEG Data Acquisition and Processing. A 306-channel
whole-headMEG system (VectorView, Elekta Neuromag Oy,
Helsinki, Finland) was used to record human MEG signals
during the experiment in the magnetic shielded room. The
system consisted of 306 sensors in triplets of two planar
gradiometers and one magnetometer distributed at the 102
locations over the whole brain. In this study, only gradiome-
ters were used due to their better signal-noise ratio (SNR)
than magnetometers [46]. The MEG signal was digitized at
a sample frequency of 600.615Hz and band-pass filtered at
0.1–200Hz. A three-axis accelerometer (KXM52, Kionix, NY,
USA) was attached on the index finger of the participants to
record three-dimensional acceleration signals with the same
sample rate as the MEG signals.

We further applied the spatiotemporal signal space sepa-
ration (tSSS) method to the MEG signals to alleviate external
interference noise [47]. The MEG signals were then divided
into a series of epochs each from −1 to 2 seconds after target
onset.The accelerometer signal was band-pass filtered at 0.2–
5Hz so as to remove linear trends. The index finger velocity
was obtained by integrating the accelerometer signal.

We selected sixty-eight gradiometer channels at thirty-
four locations over bilateral sensorimotor areas for our study
(see [27] for the exact location information).TheMEG signal
from each of these channels was band-pass filtered at 0.5–
8Hz. The filtered signals were downsampled to 50Hz. The
estimated velocity signals at the 𝑥-, 𝑦-, and 𝑧-coordinates
were also downsampled to 50Hz. In this study, we only used
the 𝑥 and 𝑦 velocity signals to simplify decoding analyses
because themost variance of the hand trajectorieswas present
in the 𝑥- and 𝑦-axis.

2.4. Decoding Models

2.4.1. Linear Filter. The 𝑥- and 𝑦-coordinates of the hand
velocity at time 𝑡 were estimated by a linear filter (LF) that
linearly combined the short history of the MEG signals at
each of sixty-eight channels to predict the velocity [25, 27].
The size of the history window applied to each channel
was 200ms, corresponding to 11 sample points (a current
time point plus 10 preceding time points with a 50Hz
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sampling rate). The window size was empirically determined
with which the optimal decoding performance was achieved
[27]. The prediction by LF was executed for each velocity
coordinate as follows:
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is a bias term for each velocity coordinate, 𝑛 is the

number of channels (𝑛 = 68), and𝑚 is the size of the history
window (𝑚 = 10). The weights, 𝛼

𝑖𝑗
and 𝛼

0
, were estimated

using the multiple linear regression method.

2.4.2. Kalman Filter. The Kalman filter (KF) has been suc-
cessfully used as a decoding algorithm of kinematic variables
such as position, velocity, and acceleration in a number of
BCI studies [5, 7, 8, 34]. Construction of KF is based on linear
Gaussian system and observation models as follows:

z (𝑡) = 𝐻 (𝑡) d (𝑡) + 𝜀 (𝑡) , (2)

x (𝑡) = 𝐴 (𝑡) x (𝑡 − 1) + ^ (𝑡) . (3)

The observation model describes how neural observa-
tions are generated from movement states (2). 𝐻(𝑡) is the
matrix ofmappingmovement states x(𝑡) to each neural signal
and estimated from the training data by the least-squares
method. The observation error vector, 𝜀(𝑡), is assumed to be
a multivariate Gaussian random vector with zero mean and
a covariance matrix, 𝑄(𝑡). Here we assume that𝐻 and 𝑄 are
time invariant. The system model describes the evolvement
of movements in time (3). It is assumed to follow a Markov
process.The systemmatrix𝐴(𝑡) is also estimated by the least-
squares method. The system error vector ^(𝑡) is assumed to
follow amultivariateGaussian randomvectorwith zeromean
and a covariancematrix of𝑊(𝑡). Again, we assume that𝐴 and
𝑊 are time invariant.

Once the model parameters are estimated from the
training data, the hand velocity signals (a 2D velocity state
in the case of KF) can be decoded by KF following the two
steps. In the first step, the system model predicts the velocity
state at time 𝑡 from the state at 𝑡 − 1. In the second step,
the observation model estimates a neural vector using the
predicted velocity state and updates the predicted velocity
state based on a difference between those observed and the
predicted neural data. These steps are recursively applied to
every neural observation.

2.4.3. A Hybrid Kalman Filter. With an aim to incorporate
the arm movement dynamics into a modeling scheme, we
exploited two particular aspects of the hand speed char-
acteristics, including nonlinearity and independence. That
is, the hand speed exhibits a typical bell-shaped nonlinear

profile during a point-to-point movement and its profile is
independent of movement direction (see Figure 1(b)). To
this end, we first added new state variables to the velocity
state variables to represent the speed state. In particular, we
created three speed state variables including 𝑟(𝑡), 𝑟(𝑡−1), and
𝑟(𝑡 − 2) to represent the states of current speed, the absolute
acceleration, and the absolute jerk, respectively. Selection
of three speed state variables was based on an observation
that the bell-shaped speed profile might be described by at
least three temporal terms. Then, the state vector of the new
Kalman filter at time 𝑡 was given by

x (𝑡) = [𝑟 (𝑡) 𝑟 (𝑡 − 1) 𝑟 (𝑡 − 2) 𝑑
𝑥
(𝑡) 𝑑
𝑦
(𝑡)]

𝑇

, (4)

where𝑑
𝑥
(𝑡) and𝑑

𝑦
(𝑡) denote𝑥- and𝑦-direction, respectively.

Next, we augmented the Kalman filter by adding a
nonlinear filter. This nonlinear filter predicted the current
hand speed from the three speed state variables. We realized
the nonlinear filter using a multilayer perceptron (MLP),
composed of eighteen hidden units with the hypertangent
activation functions and one output unit with the logistic
sigmoid activation function. Note that MLP only receives the
speed state without direction input to be consistent with our
assumption of independence of speed from direction. MLP is
trained using the scaled conjugate gradient algorithm.

The hand direction is directly estimated from a subset of
the state vector of the Kalman filter, xV(𝑡) = [𝑑𝑥(𝑡) 𝑑𝑦(𝑡)]

𝑇.
At every estimation iteration, the direction vector at time
𝑡 is normalized by xV(𝑡)/‖xV(𝑡)‖ to have a unit length. The
direction vector is multiplied by the estimated speed value
fromMLP to finally produce a velocity estimate at time 𝑡.

2.5. Performance Evaluation. In order to evaluate decoding
performance, we first used a conventional measure using
root-mean-squared-error (RMSE) to assess gross accuracy.
RMSE measures the grand average of the root of squared
errors between the true and decoded hand trajectories.
In addition, to assess finer characteristics of continuous
hand trajectories decoded by BCIs, we evaluated decoded
trajectories using pointing device assessment metrics [44].
A decoded hand trajectory was evaluated with respect to
the task axis in terms of four metrics: orthogonal direc-
tion change (ODC), movement direction change (MDC),
movement error (ME), and movement variability (MV). The
task axis was defined as an optimal straight path between
the starting point and the center of the targets. ODC mea-
sures directional changes orthogonal to the task axis. ODC
represents the consistency of a decoded trajectory toward
the target. MDC measures directional changes in parallel
with the task axis. MDC depicts the smoothness of the
decoded trajectory. ME measures a mean distance of the
decoded trajectory from the task axis. ME exhibits how
much a decoded trajectory is different from the optimal path.
MV measures the standard deviation between a decoded
trajectory and the task axis. MV depicts the straightness of
a decoded trajectory. For more details of these four metrics,
the reader can be referred to MacKenzie et al. [44].
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Figure 2: Reconstructed 2D hand trajectories by three different algorithms (LF, Kalman, and hybrid Kalman). Each line shows a single trial
movement. Different colors indicate reaching movements towards different targets. Circles illustrate a target area. (a) Reconstruction results
for both reach and rest. (b) Reconstruction results for reach only.
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Figure 3: The average RMSE between the true and reconstructed hand trajectories decoded by different algorithms (linear, Kalman, and
hybrid Kalman filters). (a) The average RMSE of the hand position. Error bars indicate the standard errors of the means. ∗𝑃 < 0.05; ∗∗𝑃 <
0.01. (b) The average RMSE of speed.

3. Results

Using either the reaching onlymovement data or the reaching
and resting movement data, along with the corresponding
multichannel MEG data, we trained three different decoding
models and reconstructed the hand trajectories. Figure 2
illustrates a sample of the true and reconstructed hand
trajectories by each decoding model in the 2D space in
one of the participants. Specifically, Figure 2(a) shows the
reconstruction of reaching movements after training and
estimating both reaching and resting movements, whereas
Figure 2(b) shows reaching movements after training and
estimating reaching movement only.The reconstructed hand

trajectories followed similar paths to the true trajectories in
most trials.

We first evaluated the gross performance using RMSE.
We evaluated RMSE of the hand speed as well as the
hand position, because we aimed at the improvement of
speed decoding. The RMSE measurement revealed that the
proposed hybrid Kalman filter produced significantly lower
errors than the standard Kalman filter or the linear filter
(paired 𝑡-test, 𝑃 < 0.01) for both position and speed
(Figure 3). Such lower errors were achieved regardless of
movement states: reach and rest or reach only.The linear filter
exhibited lower position and speed prediction errors than the
Kalman filter when the data of reaching movement were only
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Table 1: Movement prediction performance by different algorithms.

Algorithm Movements ODC MDC ME MV
Kalman Reach + rest 19.728 ± 0.227 23.262 ± 0.242 0.148 ± 0.003 0.190 ± 0.003
Hybrid Reach + rest 8.015 ± 0.175 9.321 ± 0.180 0.191 ± 0.004 0.251 ± 0.005
Linear Reach + rest 20.010 ± 0.277 21.585 ± 0.333 0.215 ± 0.004 0.300 ± 0.006
Kalman Reach 12.995 ± 0.167 16.992 ± 0.181 0.125 ± 0.001 0.169 ± 0.002
Hybrid Reach 7.956 ± 0.113 9.841 ± 0.153 0.188 ± 0.002 0.258 ± 0.002
Linear Reach 15.410 ± 0.193 17.441 ± 0.244 0.159 ± 0.002 0.222 ± 0.003
All values are the mean ± standard error of the mean. ODC: orthogonal direction changes; MDC: movement direction changes; ME: movement error; MV:
movement variability.

used (𝑃 < 0.01). However, the performance of two filters
was on par with each other when the data of both reaching
and resting movements were used. Notice that overall RMSE
of the position decreased when the reaching movement data
were only used (Figure 3(a)), whereas overall RMSE of the
speed increased for the same case (Figure 3(b)).

Next, we evaluated fine measures including ODC, MDC,
ME, and MV for individual trajectories (see Methods for
details of each measure). The evaluation results are summa-
rized in Table 1.The hybrid Kalman filter produced the fewest
ODC and MDC for both cases of reach and rest or reach
only.The linear filter and the Kalman filter, on the other hand,
producedmoreODC andMDC, showing that the trajectories
by these filters were relatively less consistent and smooth.The
hybridKalmanfilter reducedODCandMDScompared to the
linear filter by approximately 55% and 51%, respectively. On
the contrary, the standard Kalman filter produced the lowest
ME and MV compared to the hybrid Kalman filter and the
linear filter.The hybrid Kalman filter produced lowerME and
MV than the linear filter when the data of both reach and rest
were used but higher than the linear filter when the data of
reach only were used.The Kalman filter reducedME andMV
compared to the linear filter by approximately 27% and 31%,
respectively. Note that the four measures of the linear and
Kalman filters were reduced when the reaching movement
data was used only (all measures; 𝑃 < 0.01), while those of
the hybrid Kalman filter remained relatively steady (ODC;
𝑃 = 0.828, MDC; 𝑃 = 0.022, ME; 𝑃 = 0.204, MV; 𝑃 = 0.065).

4. Conclusions and Discussion

The present study addressed how we could improve the
design of a decoding model in an MEG-based noninvasive
BCI by incorporating the properties of continuous arm
movements. Based on the fact that the hand speed shows
nonlinear profiles and is generally independent of movement
direction, we designed a model that separately decoded
speed and direction to reconstruct hand trajectories from the
humanMEG.Themodelwas built by adding a nonlinear filter
for speed decoding to the Kalman filter while the direction
information was directly inferred by the Kalman filter. We
demonstrated that this hybrid Kalman filter generated lower
prediction errors to reconstruct the hand trajectory and also
to estimate the hand speed than the standard Kalman filter
and the linear filter. We also investigated how the selection of

movement states affected decoding performance. We found
that the linear filter performed better than the Kalman filter
when the data of reaching movement was only used. On the
other hand, the performance of the two filters was similar
when the data of both reaching and resting movements
was used. This result demonstrates that the choice of a
decodingmodel may be dependent on the type of continuous
movements a BCI is designed to estimate.

We note that speed RMSE increased but position RMSE
decreased when we used the data of reaching movements
only. It may imply that speed decoding could be improved
by training more diverse movements including reach and
rest. However, position RMSE could be improved by training
more specific movements including reach only and allowing
decoding models to focus on movement prediction. We also
note that the linear filter outperformed the Kalman filter
when the data of reaching movements was only consid-
ered. This may imply that, for stereotyped movements, the
simple direct decoding approach such as the linear filter
could perform reasonably well and the generative decoding
approach such as the Kalman filter might provide little
advantage. However, when we modified the Kalman filter
to fit to the characteristics of BCI output (here, continuous
arm movements), we could significantly improve decoding
accuracy.

We used a variety of assessment tools to evaluate BCI
performance.Thefinemeasures adopted in this study, includ-
ing ODC, MDC, ME, and MV, allowed us to look into more
details of how accurately and reliably the hand trajectories
were reconstructed [7, 8, 45]. In fact, four different measures
revealed certain advantages and disadvantages of using the
new hybrid Kalman filter, demonstrating that a new decoding
model should be evaluated in multiple angles. This would
not be possible if we only used a gross measure of RMSE.
The worse outcomes in terms of ME and MV with the
hybrid Kalman filter might be due to its wide range of
variability in the reconstructed trajectories. It shows the
current limitations of the proposed model and also gives us
a direction of how to improve this model to improve the
straightness of the trajectory in the following study.

Finally, we would like to underline that the present study
demonstrates an approach of improving neural decoding
models, not by adopting a cutting-edge machine learning
algorithm but by taking the properties of a BCI output
into account. Demonstration of decoding improvement by
redesigning a current Kalman decodingmodel based on hand
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movement characteristics may indicate the importance of
design factors in decoding models and thus in BCIs. We also
examined a possibility of estimating the hand speed directly
from the KF state variable without adding a nonlinear filter
to the state variables. It resulted in a decoding performance
significantly worse than the performance of using an MLP
(𝑃 < 0.01). Hence, we verified that adding a nonlinear filter
improved performance further. Yet, we also fully recognize
that a complete evaluation of a decoding model should be
done in a closed-loop BCI system, and therefore we will
pursue online BCI studies using our new approach in the
future.
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“Sequential Monte Carlo point-process estimation of kinemat-
ics from neural spiking activity for brain-machine interfaces,”
Neural Computation, vol. 21, no. 10, pp. 2894–2930, 2009.

[39] L. Shpigelman, Y. Singer, R. Paz, and E. Vaadia, “Spikernels:
predicting armmovements by embedding population spike rate
patterns in inner-product spaces,” Neural Computation, vol. 17,
no. 3, pp. 671–690, 2005.

[40] S. G.Mason, A. Bashashati, M. Fatourechi, K. F. Navarro, andG.
E. Birch, “A comprehensive survey of brain interface technology
designs,” Annals of Biomedical Engineering, vol. 35, no. 2, pp.
137–169, 2007.

[41] J. Ashe and A. P. Georgopoulos, “Movement parameters and
neural activity in motor cortex and area 5,” Cerebral Cortex, vol.
4, no. 6, pp. 590–600, 1994.

[42] K. Jerbi, J.-P. Lachaux, K. N'Diaye et al., “Coherent neural
representation of hand speed in humans revealed by MEG
imaging,” Proceedings of the National Academy of Sciences of the
United States of America, vol. 104, no. 18, pp. 7676–7681, 2007.

[43] S. Darmanjian, S. P. Kim, M. C. Nechyba et al., “Bimodal brain-
machine interface for motor control of robotic prosthetic,”
in Proceedings of the IEEE/RSJ International Conference on
Intelligent Robots and Systems, pp. 3612–3617, Las Vegas, Nev,
USA, October 2003.

[44] I. S. MacKenzie, T. Kauppinen, and M. Silfverberg, “Accuracy
measures for evaluating computer pointing devices,” inProceed-
ings of the SIGCHI Conference on Human Factors in Computing
Systems, pp. 9–16, Seattle, Wash, USA, March-April 2001.

[45] E. A. Felton, R. G. Radwin, J. A. Wilson, and J. C. Williams,
“Evaluation of a modified Fitts law brain-computer interface
target acquisition task in able and motor disabled individuals,”
Journal of Neural Engineering, vol. 6, no. 5, Article ID 056002,
2009.
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Physical training is necessary for effective rehabilitation in the early poststroke period. Animal studies commonly use fixed training
intensity throughout rehabilitation and without adapting it to the animals’ recovered motor ability. This study investigated the
correlation between training intensity and rehabilitation efficacy by using a focal ischemic stroke rat model. Eighty male Sprague-
Dawley rats were induced with middle cerebral artery occlusion/reperfusion surgery. Sixty rats with successful stroke were then
randomly assigned into four groups: control (CG, 𝑛 = 15), low intensity (LG, 𝑛 = 15), gradually increased intensity (GIG, 𝑛 = 15),
and high intensity (HG, 𝑛 = 15). Behavioral tests were conducted daily to evaluate motor function recovery. Stress level and neural
recovery were evaluated via plasma corticosterone and brain-derived neurotrophic factor (BDNF) concentration, respectively. GIG
rats significantly (𝑃 < 0.05) recovered motor function and produced higher hippocampal BDNF (112.87 ± 25.18 ng/g). GIG and LG
rats exhibited similar stress levels (540.63 ± 117.40 nM/L and 508.07 ± 161.30 nM/L, resp.), which were significantly lower (𝑃 < 0.05)
than that (716.90 ± 156.48 nM/L) of HG rats. Training with gradually increased intensity achieved better recovery with lower stress.
Our observations indicate that a training protocol that includes gradually increasing training intensity should be considered in both
animal and clinical studies for better stroke recovery.

1. Introduction

Stroke is the third cause of death after cancer and cardiac
diseases [1] and is the leading cause of adult disability in
many countries [2]. Ischemic stroke accounts for more than
80% of episodes among patients [1]. Hemiparesis is an incon-
venient symptom common in stroke survivors. According
to the Hong Kong Authority Statistical Report 2009-2010,
the number of annual stroke admissions to public hospitals
increased from 24,743 cases in 2005 to 25,614 cases in 2009
[3]. A growing elderly population vulnerable to stroke [2, 4]
substantially increases medical care burden in Hong Kong
and the developed countries. Thus, effective rehabilitation
is essential to help stroke survivors regain impaired motor
function for improved quality of life.

Poststroke functional motor training, with repetitive
attempts to move paretic limbs, assists the stroke-damaged
efferent pathways more effectively in the subacute stroke
period when the brain network is sensitive to therapeutic
interventions [5]. Studies on efficacy, mechanism, and com-
parisons of training methods have been performed for many
years [6–8]. Training after stroke benefits motor function
recovery and promotes neurorehabilitation [8, 9]. Treadmill
training, a conventional and easymethod, has been employed
in both human trials and animal models [10, 11]. Poststroke
treadmill training is continually used in rehabilitation due to
its effectiveness in both functional mobility and cardiovascu-
lar fitness in patients with chronic stroke [11]. Early treadmill
training could also reduce brain infarct volume and improve
neurologic function compared to spontaneous recovery in
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stroke rat models [12, 13]. Moderate treadmill training could
upregulate brain-derived neurotrophic factor (BDNF) [14].

BDNF is a protein discovered in the early 1980s which
is encoded by BDNF gene and expressed broadly in the
central and the peripheral nervous systems [15]. BDNF is one
member of the “neurotrophin” family of growth factors that
is believed to support the neuron survival and encourages
growth and differentiation of new neurons and synapses
[16]. BDNF is active in the hippocampus, a region vital to
learning, memory, and higher thinking [17]. BDNF is related
to neuroplasticity contributing to motor learning, recovery,
and neural rehabilitation after stroke [5]. Stroke induces the
loss of motor function, and rehabilitation is the process of
relearning; thus, higher BDNF concentration in the brain
implies learning and neural rehabilitation [18].

Treadmill training can cause stress, leading to a series
of physical changes that inhibit neural recovery during
rehabilitation [19, 20]. Animals suffer from stress and actu-
ally develop similar pathology to humans [21]. Plasma
corticosterone (CORT) concentration is widely used as a
biomarker of stress in animal models [7, 22, 23]. CORT could
downregulate BDNF level in hippocampus [24]. Due to the
controversial function of treadmill training after stroke, it
is important to evaluate its effect on early stroke physical
rehabilitation and the relationship between training loads,
motor recovery, and stress levels. We, therefore, designed this
study to investigate these relationships via an ischemic stroke
rat model.

Intensity is thought to be a key factor in treadmill training
and is associated with stress. High-speed treadmill training
induces high CORT levels in a stroke rat model [18]. Stress
endurance is also enhanced by exercise [25]. Thus, stress
level may not only depend on training intensity but also
be influenced by subjects’ conditions. Moreover, adjusted
training intensity may be directly correlated to rehabilitation
outcomes.

Effectiveness of treadmill training intensity in motor
function recovery and neurorehabilitation has not yet been
completely elucidated. Both clinical and animal studies have
focused on fixed training intensity [26, 27]. It remains unclear
whether varied training intensity is more effective. In this
study, we employed a focal ischemic stroke rat model to
evaluate the effect of differing treadmill training intensities
on motor function recovery and neurorehabilitation. We
also analyzed CORT and BDNF levels in early stroke phase.
A gradually increased training intensity was designed to
investigate the relationship between intensity, motor recov-
ery, and stress level. This study extends our understanding
of treadmill training intensity and influences rehabilitation
program design.

2. Methodology

Eighty male Sprague-Dawley (SD) rats (between 2 and 3
months)weighing 280–360 gwere used in this study. Rats had
free access to food and drink throughout the experimental
period. All procedures were approved by the “Animals Sub-
ject Ethics Sub-Committee” of the Hong Kong Polytechnic

University and conformed to the guidelines on the care and
ethical use of experimental animals [28].

Rats were trained for three days (Figure 1; accommo-
dation protocol in Figure 2(a)) to become accustomed to
treadmill exercises. Rats unable to run on the treadmill were
removed from the experiment. After three days, rats under-
went middle cerebral artery occlusion/reperfusion surgery
(MCAo/r) to induce ischemic stroke. After 24 hours, success-
fully induced stroke rats (n = 60) with motor impairment
using Longa’s test [29] and behavioral core between 1 and
3 were randomly assigned into 4 groups: control (CG, n =
15), low training intensity (LG, n = 15), gradually increasing
training intensity (GIG, n = 15), and high training intensity
(HG, n = 15). Rats in CG were fed in standard cages for
one week, while the rest underwent daily treadmill training
with different training intensities. LG rats were allowed to
run on the treadmill for 30 minutes with a 10-minute rest
between 10 minutes of running section at a velocity of
5m/min. HG rats ran at 26m/min with the same training
and rest regimens. Rats in GIG ran from 5m/min on the
1st day (D1) up to 26m/min on the last day (D7). Daily
behavioral scores were recorded via a skilled researcher
blind to group assignment. On the last intervention day,
rats were anesthetized and sacrificed via decapitation within
two hours after the last training. Trunk blood and brain
tissues from the hippocampus, striatum, and sensorimotor
cortexwere collected. Trunk blood sampleswere immediately
centrifuged to acquire plasma. Brain tissue samples were
processed according to a standard BDNF sample preparation
protocol (Promega, USA). Plasma and brain tissue samples
were used for CORT and BDNF detection, respectively.

2.1. Middle Cerebral Artery Occlusion/Reperfusion (MCAo/r)
Surgery. TheMCAo/r surgery induced focal ischemic stroke
rat model by Koizumi [30] in 1986 was employed in this
study. Surgery mimicked practices by Ke et al. [7]. Briefly,
rats in all groups were anesthetized with 10% chloral hydrate
(0.4mg/kg for induction and 0.02mg subsequently). Inci-
sions were made at the neck midline to expose the common
carotid artery (CCA), and then the external carotid artery
was ligated. Subsequently, a commercial filament with a
tip diameter of 0.39 ± 0.02mm (Beijing Sunbio Biotech,
China) was inserted into the CCA and advanced along the
internal carotid artery until the tip of the filament reached the
middle cerebral artery. Occlusion lasted for 60 minutes after
which the filament was then withdrawn to allow reperfusion.
Six hours after MCAo/r surgery, rats were examined for
neurological deficit level using Longa’s test. For Longa’s test, a
score of 0 indicates no stroke and 4 represents severe stroke
[29]. Rats with a score between 1 and 3 were enrolled in the
experiment and kept in individual cages.

2.2. Treadmill Training Intervention. Treadmill training
intensity was suggested to affect memory function recovery
which is related to neural activity in the hippocampus [31].
Different training intensities bring different stress levels to
rats [7]. Velocity is a determining factor in intensity and
workload. Different velocities generated different training
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Figure 1: Flowchart of the experimental design.

0
5

10
15
20
25
30

Tr
ai

ni
ng

 in
te

ns
ity

 (m
/m

in
)

D1 D2 D3

(a)

HG
LG
GIG

D1 D2 D3 D4 D5 D6 D7
0
5

10
15
20
25
30

Tr
ai

ni
ng

 in
te

ns
ity

 (m
/m

in
)

(b)

Figure 2: Training intensity setup for (a) the 3-day accommodation and (b) poststroke training.
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intensities. In previous studies, training intensities mainly
were set from 2m/min to 30m/min and the daily training
time length was mainly set to 30 minutes [6, 8, 31]. In
this study, total training time was fixed at 30 minutes,
and 5m/min and 26m/min were chosen as low and high
treadmill training velocities, respectively. In LG and HG,
rats ran at a constant velocity through 7 days of training
at 5m/min and 26m/min, respectively. Rats are generally
weak the first several days after stroke but can spontaneously
recover [7], gaining better motor function with time.
Therefore, the study designated a rat group to gradually
increasing intensity from low speed (5m/min) on the first
day to high speed (26m/min) on the seventh day. Velocity
increased slowly in GIG the first four days, and for the
following three days, it increased relatively faster. The
training setup for all groups is shown in Figure 2(b).

2.3. Motor Function Test. Motor function improvement was
evaluated by the De Ryck behavioral test [32] on daily basis
throughout the 7-day intervention. Six out of eight tasks
evaluate functions including postural reflex, visual placing in
the forward and sideways directions, tactile placing of the
dorsal and lateral paw surfaces, and proprioceptive placing;
the other two tasks examine hindlimb’s tactile placing of
lateral paw surfaces and proprioceptive placing.The score for
each subtask ranges from 0 to 2 with the higher score indicat-
ing better motor function. Compared to normal rats, stroke
rats cannot place injured limbs normally. Thus, placement
function of injured forelimbs and hindlimbs was assessed
through the tasks by a skilled researcher blind to group
assignments.

2.4. Brain BDNF and Plasma Corticosterone Detection. Brain
BDNF and plasma CORT were evaluated using an enzyme-
linked immunosorbent assay (ELISA) [6, 7, 33, 34]. All
rats were anesthetized within two hours after the last inter-
vention and sacrificed via decapitation. Trunk blood was
collected and centrifuged to obtain plasma. The brain was
carefully extracted from the skull, and brain tissues including
hippocampus, striatum, and affected sensorimotor cortex
were then obtained. BDNF Emax ImmunoAssay System
(Promega, USA) was used to measure BDNF concentrations.
Plasma CORT concentrations were quantified via Cayman’s
CORT EIA Kit (Cayman, USA).

2.5. Statistical Analysis. All results were expressed as means
± standard deviations. SPSS (IBM, version 20) was used
for data analysis and the level of statistical significance was
set at P = 0.05. Intention-to-treat analysis was used for any
rat that died during the intervention period. The Shapiro-
Wilk test was used to examine the normality of all results.
Two-way repeated measures analysis of variance (ANOVA)
with baseline as covariate and the Bonferroni post hoc
test were used to compare motor function scores. One-
way ANOVA test was used to compare CORT and BDNF
concentrations.

3. Results

Sixty rats underwent successfulMCAo/r surgery that induced
motor impairment within 24 hours. Stroke rats were ran-
domly assigned into 4 groups (CG, LG, HG, andGIG) with 15
rats in each group. Throughout the experiment, only one rat
in the GIG group died on the 6th day. Its behavioral scores on
the last two days were the same as that on the 5th day based
on the intention-to-treat principle. Results of behavioral
scores, CORT concentrations, and BNDF concentrations
are shown in Table 1. Through the Shapiro-Wilk test, all
results including behavioral scores, CORT concentrations,
and BDNF concentrations showed normal distributions (P >
0.05). All results were then used for further analysis.

3.1. Motor Function Recovery. Behavioral scores indicating
motor function recovery over the experimental period are
presented in Figure 3. Significant differences existed among
the four groups. GIG rats showed significantly higher behav-
ioral scores from the 3rd to the last day compared to those
in the other groups. Rats in LG and HG also exhibited
significantly better motor function recovery from the 6th day
than the control.

3.2. Brain BDNF and Plasma Corticosterone Concentrations.
Hippocampal BDNF concentrationswere significantly higher
than in both the striatum and cortex for all groups. GIG rats
showed the highest BDNF levels in the hippocampus and
striatum in Figure 4. Significantly different cortical BDNF
levels were observed between GIG and CG rats. BDNF levels
in LG and HG rats were not apparently different but were
significantly higher in the hippocampus and striatum than
CG rats (Figure 4). Figure 5 shows plasma CORT concen-
trations. Rats in the 3 training groups exhibited significantly
higher CORT levels over control. CORT levels in GIG rats
were significantly lower than HG but similar to LG.

4. Discussion

We show that treadmill training intensities for ischemic
stroke rats affect motor function recovery, BDNF concentra-
tion, and stress level over the 7-day intervention. We set up
three training intensity levels including low, high, and gradu-
ally increased intensity from low to high. Gradually increased
training intensity (GIG) induced significantly better motor
function recovery. Rats in this group showed similar stress
levels in comparison to LG, but BDNF concentrations in
brain tissues (hippocampus and striatum) were significantly
higher than LG. Rats in HG were stressed more than LG;
however, functional recovery rates were similar to LG and
significantly lower than GIG. Results indicated that rats with
treadmill gradually increased intensities better regain motor
function recovery.

Consistent with other studies, BDNF levels were lower
in striatum and cortex than in the hippocampus [7, 35].
The hippocampus plays an important role in learning and
memory, and rehabilitation is a process of relearning, making
hippocampal neurons active [17]. BDNF level is highly related
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Table 1: An Overview of Rehabilitation Outcomes of Motor Function, BDNF Levels in Hippocampus, Striatum and Cortex, and Plasma
Corticosterone (CORT).

Items Group Pre-training Post-training Post hoc (𝑃)
Motor Function CG vs LG (0.018∗)

CG 5.36 ± 1.41 8.23 ± 1.69 CG vs GIG (<0.001∗)
LG 4.89 ± 0.78 10.01 ± 0.73 CG vs HG (0.041∗)
GIG 5.37 ± 1.64 12.00 ± 1.00 LG vs GIG (0.009∗)
HG 5.50 ± 0.81 9.64 ± 0.90 LG vs HG (1.00)

GIG vs HG (<0.001∗)
BDNF level in hippocampus CG vs LG (0.044∗)

CG — 47.68 ± 13.25 CG vs GIG (<0.001∗)
LG — 74.46 ± 25.57 CG vs HG (0.032∗)
GIG — 112.87 ± 25.18 LG vs GIG (<0.001∗)
HG — 76.41 ± 34.68 LG vs HG (0.523)

GIG vs HG (0.001∗)
BDNF level in striatum CG vs LG (1.00)

CG — 14.16 ± 13.25 CG vs GIG (0.004∗)
LG — 18.04 ± 11.61 CG vs HG (1.00)
GIG — 27.77 ± 15.57 LG vs GIG (0.044∗)
HG — 17.94 ± 10.26 LG vs HG (1.00)

GIG vs HG (0.030∗)
BDNF level in cortex CG vs LG (0.980)

CG — 11.73 ± 7.18 CG vs GIG (0.001∗)
LG — 14.69 ± 3.60 CG vs HG (1.00)
GIG — 19.24 ± 4.94 LG vs GIG (0.203)
HG — 14.64 ± 6.50 LG vs HG (1.00)

GIG vs HG (0.194)
Plasma CORT Level CG vs LG (0.044∗)

CG — 347.03 ± 181.02 CG vs GIG (0.009∗)
LG — 508.07 ± 161.30 CG vs HG (<0.001∗)
GIG — 540.63 ± 117.40 LG vs GIG (1.000)
HG — 716.90 ± 156.48 LG vs HG (0.003∗)

GIG vs HG (0.017∗)
Values: means ± standard deviations; 𝑃 value: significance level of 2-way Repeated Measures ANOVA multiple comparisons with covariate for behavioral
scores; significance level of one-way ANOVA for BDNF levels and plasma CORT concentrations.
∗Significant differences observed; post hoc test was conducted to specify the differences between groups.

to neural survival, growth, and differentiation [16], proba-
bly producing a high hippocampal BDNF level. GIG rats
showed the highest BDNF concentrations in the hippocam-
pus and striatum and had the best motor function recovery.
Importantly, we found a significantly positive relationship
(correlation coefficient: 0.537; P < 0.01) between motor func-
tion recovery rate and hippocampal BDNF concentrations
(Figure 6). BDNF has been used to treat photothrombotic
stroke rats and it improved motor function recovery when
compared to spontaneous recovery [36]. Other studies also
show that higher BDNF level in the brain indicates better
motor function recovery after stroke [7, 37]. Our results
remain consistent with those of previous studies. Significant

higher BDNF levels were found in GIG rats, leading to
significantly better motor function recovery. Similar BDNF
levels were observed in LG and HG rats that showed similar
motor function recovery.

Ploughman considered exercise brain food that ulti-
mately enhances brain functions like memory and learning
[38]. Additionally, Ploughman et al. [39] suggest that moder-
ate exercise has positive effects on physically disabled young
people aided by their high brain plasticity. Both prolonged
and short-term moderate exercises increase hippocampal
BDNF levels and brain mitochondrial biogenesis in rats
[14, 40, 41]. Physical training for stroke rat models was
reported to facilitate motor function recovery and upregulate
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Figure 3: Behavioral scores over the seven-day intervention. A
higher behavioral score indicates better motor function. ∗: signif-
icant difference observed via 2-way repeated measures ANOVA
with the score on D1 as covariate when comparing GIG to the
other three groups. #,+: significant difference observed via 2-way
repeated measures ANOVA with the score on D1 as covariate when
comparing LG and HG to CG, respectively. From D3 to D7, rats in
GIG scored significantly higher for behavioral score compared to
LG, HG, and CG, while rats in LG and HG showed better motor
function on D6 and D7 compared to CG. Results suggested that
gradually increased training intensity can facilitate motor function
recovery during the subacute stroke period.

BDNF levels [42]. Four-week consecutive low-speed tread-
mill training started on the 4th day after stroke was found to
improve hippocampal function in aMCAo induced stroke rat
model [31]. Thus, exercise seems to upregulate brain BDNF
concentrations, a result supported by this study. Moreover,
GIG training improves BDNF production in brain tissues
after stroke, indicating better brain function recovery.

Early physical training facilitates rehabilitation after
stroke, but it is also a source of stress that mediates BDNF
regulation. CORT is a steroid hormone produced by the
hypothalamic-pituitary-adrenal axis and is released into the
blood. Adrenalectomized Wistar rats were used to inves-
tigate the time course and dose-dependency of CORT’s
effect on BDNF mRNA and protein, with results show-
ing short-term corticosterone concentration changes having
transient and dose-dependent downregulation effects for
both hippocampal BDNF mRNA and protein [24]. Forced
treadmill training induces stress and has been suggested
to lower physical rehabilitation and BDNF levels in the
hippocampus compared to voluntary wheel running; yet it
still stimulates functional recovery [7]. Treadmill training
intensity could affect memory function recovery, while the
hippocampus determines memory function [31]. Training
intensity, thus, may affect hippocampal activity. Stress level
is highly related to training intensity. High training intensity
causes significantly high stress level, as a result of our study.
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and motor function recovery rate. BDNF levels in the hippocampus
correlated with motor function recovery rate, meaning that BDNF
levels could indicate motor function recovery rate.

Hippocampal BDNF level could represent neural activity in
the hippocampus. Higher BDNF levels in the hippocampus
indicate better neural activity.Thus, stress level may correlate
with hippocampal BNDF level. On one hand, in this study,
consistent low and high training intensity induced low and
high stress levels associated with similar hippocampal BDNF
level; however, gradually increased intensity induced stress
levels between low and high intensities and close to low
intensity: stress may inhibit brain BDNF production. On the
other hand, rats with low training intensity were stressed sig-
nificantly more than those without training but still exhibited
significantly better motor function recovery, suggesting that
stress was not the only factor mediating BDNF production
during rehabilitation. Exercise should be another important
factor determining rehabilitation outcomes. It could increase
muscle and brain mitochondrial biogenesis, strengthening
fatigue resistance and endurance performance [25]. In this
study, GIG training may better improve stress endurance and
it obtained better recovery. Training intensity, thus, should be
appropriately chosen for better recovery after stroke.

Repeated training is an important tool applied widely
in clinics and laboratories to improve recovery after stroke.
Intensity in forced training is a critical stress-inducing factor.
We thus designed a gradually increasing treadmill training
intensity regimen for stroke rats. We found that the training
intensity should be designed to match recovery rate and
minimize stress. Training with gradually increased intensity
can produce significantly bettermotor function rehabilitation
compared to stably low and high training intensity. We
extended the understanding of the importance of training
intensity in rehabilitation after stroke. A training protocol
that includes gradually increasing training intensity should
be considered in both animal and clinical human studies.
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The pharmacokinetic model has been widely used in tissue perfusion analysis, such as bone marrow perfusion. In the modeling
process, the arterial input function is important to guarantee the reliability of the fitting result. However, the arterial input function
is variable and hard to control, which makes it difficult to compare results across different studies. The purpose of this study was to
establish a muscle-based pharmacokinetic model for bone marrow perfusion without using arterial input function. Erector spinae
muscle around the vertebral body was selected as the reference region. The study was carried out in elderly females with different
bone mineral densities (normal, osteopenia, and osteoporosis). Quantitative parameters were extracted from the pharmacokinetic
model. ParameterK trans,BM (contrast agent extravasation rate constants for bloodperfusion of the bonemarrow) showed a significant
reduction in subjects with lower bone mineral density, which is consistent with previous studies. However, muscle perfusion
parameters remained unchanged among different groups. The results indicated that the muscle-based model was stable for bone
marrow perfusion modeling. Additionally, nonsignificant change in muscle parameters indicated that the diminished perfusion is
only a local rather than a systematic change in the bone marrow for osteoporosis.

1. Introduction

Osteoporosis is a commonmetabolic bone disorder in elderly
and its consequence has become one of the most increasing
health concerns [1, 2]. When bone mineral content loss
and structural deterioration proceed until bone strength
becomes sufficiently poor, the cancellous bone increases
susceptibility to fracture. As a result, the osteoporotic state
has been reached. Studies in recent decades showed a link
between peripheral vascular disease and osteoporosis in
terms of clinics, epidemiology, and histology [3–5]. Such
association indicated a varied blood supply mechanism in
the osteoporotic bone. Technically, the microcirculation can

be reflected by the dynamic contrast enhanced (DCE) MRI,
which provides a direct measurement of tissue perfusion in a
living system [6, 7]. Bonemarrow perfusion is a physiological
process, which can be affected by multiple factors, such as
tissue blood flow, capillary capacitance and permeability,
interstitial diffusion, interstitial space volume, and venous
return [8, 9].

Bone perfusion by DCE-MRI can be assessed by semi-
quantitativemethod [10–14] andpharmacokineticmodel [15–
18].The formermethod provides a directmeasure of the bone
perfusion with semiquantitative parameters derived from the
perfusion curves. In comparison, the latter approach has a
more complex process, including modeling and curve fitting,
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but the derived model parameters directly related to inherent
physiology. Most pharmacokinetic models include the arte-
rial input function (AIF) [19], such as Tofts model [9]. They
adopt the AIF as the input of the tissue perfusion so that the
variation in the AIF will change the pharmacokinetics in the
tissue. Therefore, the results from such studies depend much
on the accuracy of the AIF modeling and the experiment
protocol. Brixmodel [16] is a pharmacokineticmodel without
using AIF and has been introduced in the bone perfusion
study [20]. However, it assumes that the AIF has a fixed
pattern, which may not reflect the true physiological process.
As a consequence, it is difficult to compare the perfusion
function across different studies.

In order to have a more robust analysis, we introduced
a new pharmacokinetic model for analyzing bone marrow
perfusion, which employed a well-characterized reference
region instead of AIF. The erector spinae muscle around the
vertebral body was selected as the reference region because
its big muscle bulk is easy to be recognized in the images and
would be able to derive the DCE-MRI signal with a good
signal-to-noise ratio (SNR). The perfusion function of the
muscle was quantified by a proposedmodel to obtain analytic
results. The purpose of this study is to characterize bone
marrow perfusion properties in subjects with different bone
mineral density (BMD) by a muscle-based pharmacokinetic
model.

2. Methods

2.1. Subjects. In order to avoid gender influence, only female
subjects were included in current study. The investigation
involved a reassessment of DCE-MRI raw data obtained in
one previous study [11]. Subjects were excluded if they had (a)
clinical or imaging evidence of renal osteodystrophy or other
metabolic bone diseases other than osteoporosis or a known
malignancy, (b) a history of lumbar spinal surgery or irradia-
tion, or (c) MR imaging evidence of large intravertebral disk
herniation, hemangioma, or moderate-to-severe vertebral
fracture of L3. Finally, 76 subjects (age 72.5 ± 3.4 years) in
total were involved in this retrospective study. The study was
approved by the Ethics Committee, Chinese University of
Hong Kong, with all participating subjects providing written
consent.

2.2. Data Acquisition. Area bone mineral density (BMD) of
L3 level was measured by the dual-energy X-ray absorptiom-
etry (DXA). MR imaging was performed at a 1.5 T whole
body imaging system (Intera NT; Philips Medical Systems,
Best,The Netherlands) with a maximum gradient strength of
30mT/m. Axial T1-weighted (TR/TE, 450/11ms; 4mm thick)
MR image of the mid-L3 vertebrae was obtained (shown
in Figure 1). Dynamic contrast enhancement MRI (DCE-
MRI) data were acquired through the mid-L3 vertebral body
region. Dynamic MR imaging was performed using a short
T1-weighted gradient-echo sequence (TR/TE, 2.7/0.95ms;
prepulse inversion time, 400ms; flip angle, 15∘; section
thickness, 10mm; number of slice, one; field of view, 250mm;
acquisition matrix, 256 × 256; number of signals acquired,

Figure 1: T1-weightedMR image in axial plane (from a subject with
normal BMD). The image shows manually drawn ROI positioned
within cortical margins of L3 vertebral body and erector spinae
muscle for time-signal intensity data pointsmeasured fromdynamic
contrast enhanced images.

one). A bolus of gadoteric acid (Dotarem, Guerbet, Aulnay,
France) at a concentration of 0.15mmol per kilogram body
weight was injected via a power injector (Spectris; Medrad,
Indianola, PA, USA) at a rate of 2.5mL/s through a 20-gauge
antecubital vein intravenous catheter (Angiocath; Infusion
Therapy Systems, Sandy, UT, USA). Injection was followed
by a 20mL saline flush. Dynamic MR imaging started at the
same time the contrast medium injection started. A total of
160 dynamic imageswere obtainedwith a temporal resolution
of 543ms, resulting in a total scanning time of 87 seconds.

2.3. Data Processing and Modeling of DCE Data. In order
to extract the signal intensity curves pixel by pixel, region
of interest (ROI) was drawn manually for muscle bulk area
of erector spinae and bone marrow area on axial image.
The ROIs were drawn following the contour of the erector
spinae muscle on both sides and encompassing trabecular
bone of vertebral body (as shown in Figure 1).The time-signal
intensity curve was generated by averaging signal intensity
within each ROI.

A muscle-based pharmacokinetic model was established,
which was modified from a reference region (RR) model
[21, 22], to analyze the DCE-MRI data of bone marrow. The
model contains three compartments, plasma, muscle, and
bone marrow, as shown in Figure 2. When contrast agent
is injected into the vessel system, it will go throughout the
body with the fluid dynamics, where 𝐶

𝑝
is the concentration

in the supplying artery of the local area for lumbar. By
perfusion process, the contrast agent will reach bone marrow
and surrounding muscles simultaneously with concentra-
tion of 𝐶BM and 𝐶

𝑚
, respectively. Contrast agent perfusion

is modeled by extravasation rate constants, 𝐾
trans .BM and

𝐾
trans .𝑚, as in bone marrow and muscle, respectively. The

perfusion space is modeled as extravascular-extracellular
volume fraction, which is V

𝑒.BM and V
𝑒.𝑚

for bone marrow
and muscle, respectively. The model describes association of
the contrast agent concentration among three compartments,
that is, plasma, bone marrow, and muscle.



BioMed Research International 3

Cp(t)

Cm(t)

CBM(t)

Ktrans.BM/Ve.BM

Ktrans.BM

Ktrans.m/Ve.m Ktrans.m

Figure 2: Muscle-based pharmacokinetic modeling scheme. 𝐶
𝑝

,
𝐶BM, and 𝐶

𝑚

are contrast agent concentrations in the artery, bone
marrow, and erector spinae muscle, respectively.

Based on the modeling structure shown in Figure 2, the
contrast agent concentration in bonemarrow andmuscle can
be formulated as the following differential equations:

𝑑𝐶
𝑚

(𝑡)

𝑑𝑡

= 𝐾
trans .𝑚

⋅ 𝐶
𝑝
(𝑡) − (

𝐾
trans .𝑚

V
𝑒.𝑚

) ⋅ 𝐶
𝑚

(𝑡) (1)

𝑑𝐶BM (𝑡)

𝑑𝑡

= 𝐾
trans .BM

⋅ 𝐶
𝑝
(𝑡) − (

𝐾
trans .BM

V
𝑒.BM

) ⋅ 𝐶BM (𝑡) . (2)

It is obvious that both 𝐶
𝑚
(𝑡) and 𝐶BM(𝑡) are dependent on

𝐶
𝑝
(𝑡), which represents AIF. Merging the two equations will

balance out 𝐶
𝑝
(𝑡) so that we can formulate the relationship

between 𝐶BM(𝑡) and 𝐶
𝑚
(𝑡) as

𝐶BM (𝑡) =

𝐾
trans .BM

𝐾
trans .𝑚 𝐶

𝑚
(𝑡)

+ (

𝐾
trans .𝑚

V
𝑒.𝑚

−

𝐾
trans .BM

V
𝑒.BM

) ⋅ 𝐶
𝑚

(𝑡)

⊗ exp(

−𝐾
trans .BM

V
𝑒.BM

) ,

(3)

which can be simplified as

𝐶BM (𝑡) = 𝑅 ⋅ 𝐶
𝑚

(𝑡) + 𝑅 ⋅ [(

𝐾
trans .𝑚

V
𝑒.𝑚

) − (

𝐾
trans .BM

V
𝑒.BM

)]

⋅ ∫

𝑡

0

𝐶
𝑚

(𝜏) ⋅ (

exp (−𝐾
trans .BM

)

V
𝑒.BM

) (𝑡 − 𝜏) 𝑑𝜏,

(4)

where 𝑅 ≡ 𝐾
trans .BM

/𝐾
trans .m.

The blood supplying arteries for lumbar vertebra, nor-
mally called segmental arteries, are originated from the
abdominal aorta. They surround the vertebral body in axial
plane and transport the blood to the vertebral marrow and
spinal cord by some branches, where some other branches
supply the blood to the paravertebral muscles, such as the
erector spinae. Because the vertebrae and its surrounding
muscles are supplied by the same segmental artery, 𝐶

𝑝

would influence 𝐶BM and 𝐶
𝑚
simultaneously. Based on such

association, relationship between the pharmacokinetics of
bone marrow and surrounding muscle can be formulated by
balancing out the AIF. In other words, it is possible to derive
the physiological parameters in bone marrow by taking the
muscle as the reference. Therefore, the established muscle-
based model (4) can derive the contrast concentration in
bone marrow based on that in muscle, which also reflects the
contrast dynamics in the artery.

Because DCE-MRI employs fast imaging sequence, the
image quality is poor. For extracting characteristic curve,
normally people would draw ROI to average the signal
intensity of all the included pixels. For AIF acquisition, the
area of the artery is too small to get a quality DCE signal.
On the other hand, AIF is sensitive to the contrast injection
procedure, which also makes the AIF variable. In contrast,
the area of muscle bulk is larger to derive a quality DCE
signal, which will be easier for analysis. In addition, the
pharmacokinetics in muscle is the result after the interaction
between the muscle and the artery so that it is not that
sensitive to the contrast injection procedure. Therefore, the
DCE-MRI signal in muscle is much more stable than in the
artery. As a result, the muscle-based modeling would provide
a more robust analysis for bone marrow perfusion.

In order to get an analytical solution of (4), an expo-
nential model is employed to formulate the contrast con-
centration in erector spinae muscle 𝐶

𝑚
(𝑡), as shown in the

following:

𝐶
𝑚

(𝑡)

= 𝐴 ⋅ 𝑡 ⋅ exp (−𝑡 ⋅ 𝐵) + 𝐶 [1 − exp (−𝑡 ⋅ 𝐷)] ⋅ exp (−𝑡 ⋅ 𝐸) ,

(5)

where 𝐴, 𝐵, 𝐶,𝐷, and 𝐸 are density and time constants,
respectively. By substituting (5) into (4), the contrast concen-
tration in the bone marrow can be finally formulated as

𝐶BM (𝑡)

= 𝑅 ⋅ 𝐶
𝑚

(𝑡) + 𝑅 ⋅ [(

𝐾
trans .m

V
𝑒.𝑚

) − (

𝐾
trans .BM

V
𝑒.BM

)] ⋅ 𝑓 (𝑡) ,

(6)

where the 𝑓(𝑡) is formulated as

𝑓 (𝑡)

=

[𝐴 ⋅ 𝐵
2

⋅ 𝑡
2

− 2𝐴 ⋅ exp (𝐵 ⋅ 𝑡) − 2𝐴 ⋅ 𝐵 ⋅ 𝑡 + 2𝐴]

[𝐵
3

⋅ V
𝑒.BM ⋅ exp (𝐾

trans .BM
+ 𝐵 ⋅ 𝑡)]

+

[𝐶 ⋅ 𝐸 ⋅ 𝑡 − 𝐶 ⋅ exp (𝐸 ⋅ 𝑡) + 𝐶]

[𝐸
2

⋅ V
𝑒.BM ⋅ exp (𝐾

trans .BM
+ 𝐸 ⋅ 𝑡)]

+

[𝐶 ⋅ 𝐷 ⋅ 𝑡 − 𝐶 ⋅ exp (𝑡 ⋅ 𝐷 + 𝑡 ⋅ 𝐸) + 𝐶 ⋅ 𝐸 ⋅ 𝑡 + 𝐶]

[V
𝑒.BM ⋅ exp (𝐾

trans .BM
+ 𝐷 ⋅ 𝑡 + 𝐸 ⋅ 𝑡) (𝐷 + 𝐸)

2

]

+

[𝐶 ⋅ 𝑡/ exp (𝐸 ⋅ 𝑡) − 𝐶 ⋅ 𝑡 ]

[𝐸 ⋅ V
𝑒.BM ⋅ exp (𝐾

trans .BM
)]
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+

[𝐶 ⋅ 𝑡/ exp (𝑡 ⋅ 𝐷 + 𝑡 ⋅ 𝐸) − 𝐶 ⋅ 𝑡]

[V
𝑒.BM ⋅ exp (𝐾

trans .BM
) (𝐷 + 𝐸)]

−

[𝐴 ⋅ 𝐵 ⋅ 𝑡
2

− 𝐴 ⋅ 𝑡 ⋅ exp (𝐵 ⋅ 𝑡) + 𝐴 ⋅ 𝑡]

[𝐵
2

⋅ V
𝑒.BM ⋅ exp (𝐾

trans .BM
+ 𝐵 ⋅ 𝑡)]

.

(7)

For each data set, the coefficients in the muscle model (5)
were first derived by fitting the DCE-MRI signal frommuscle
ROI with (5). Then, the fixed coefficients were substituted
into (6) to derive the pharmacokinetic parameters,𝐾trans ⋅BM,
𝐾

trans .𝑚, V
𝑒.BM, and V

𝑒.𝑚
, by fitting the DCE-MRI signal of

bone marrow. The curve fitting was performed on the DCE-
MRI signal with the time course from the starting point to the
end of the signal. Figure 3 shows examples of the curve fitting
for the DCE-MRI signals from muscle and bone marrow,
respectively. The curve fitting was conducted by using the
least square method. In total, 304 parameters of 76 subjects
were analyzed. The subjects were classified into three groups
according to the T-score derived from the BMD and World
Health Organization criteria.

2.4. Statistical Analysis . The investigated subjects were clas-
sified into three groups (normal, osteopenia, and osteo-
porosis) according to their BMD. The statistical descriptions
of the model parameters were derived by curve fitting for
each subject. Then, the data were compared across the
three BMD groups. Analysis of variance method (ANOVA)
was employed to evaluate differences in parameters among
groups. Statistical analysis was performed using statistical
software (SPSS 13.0). A 𝑃 value of less than 0.05 was
considered statistically significant.

3. Results

Based on the pharmacokinetic model, the perfusion process
can be quantitatively analyzed. Table 1 shows the comparison
results by ANOVA analysis. From Table 1, it can be observed
that𝐾trans ⋅BM reduces gradually and significantly (𝑃 = 0.009)
in osteopenia and osteoporosis groups compared to the group
with normal BMD. For V

𝑒⋅BM, the gradual reduction with
the decreasing BMD can be observed but the change does
not reach the significant level (𝑃 = 0.637). However, for
the muscle pharmacokinetic parameters, 𝐾

trans ⋅𝑚 and V
𝑒⋅𝑚

have no significant difference among three groups and no
changing trend among the groups.

It indicates that the extravasation rate is significantly
reduced during the bone loss process. In other words, the
lower the BMD is, the slower the exchange rate in the
fluid perfusion from the capillary to the bone marrow is.
Although the extravascular-extracellular volume fraction of
bone marrow is also decreased in the subjects with lower
BMD, it is statistically nonsignificant. While it is interesting

to find out that neither extravasation rate nor extravascular-
extracellular volume fraction has significant change in erector
spinaemuscle among the groups with different BMD, further,
there is no changing trend of the muscle pharmacokinetic
parameters with the reduction of the BMD. It may imply that,
with the bone loss process, the surroundingmuscle still keeps
a normal perfusion function.

4. Discussions

With the development ofmedical imaging, perfusion in tissue
can be assessed byDCE-MRI, which, in recent years, has been
used to study bone perfusion in a variety of physiological and
disease conditions [13, 17, 23–26]. Further, pharmacokinetic
models have been employed to analyze bone perfusion
function in patients with multiple myeloma, bone edema,
and Paget’s disease of bone [17, 18, 23]. Bone is composed of
trabecular and cortical bone. All of the trabecular bone and
the inner two-thirds of the cortical bone receive their blood
supply from the marrow cavity [27]. Taking advantage of
DCE-MRI, some studies have shown how perfusion param-
eters are reduced in osteoporotic bone [10–12]. After a bolus
injection, tissue concentration of gadolinium is determined
by local blood flow, capillary capacitance, vessel permeability,
interstitial space, and interstitial diffusion [8]. This is the
first study to investigate bone perfusion of osteoporosis by a
pharmacokinetic model without directly using AIF.

Most previous work employed Tofts model to assess the
bone perfusion [14, 17, 18], of which the analysis of the bone
perfusion was much dependent on AIF. It is good to involve
the contrast dynamics in the artery when analyzing the
perfusion in the tissue. However, because of the small area of
vessel in the image and the pulsation of the blood, AIF is quite
variable even under the same experiment protocol [21]. Some
work used Brix model to assess the bone perfusion [19, 20],
where AIF was not included. Such model assumes the MR
signal intensity is linearly proportional to the concentration
of contrast agent. This assumption may not hold true for
different experiment conditions. Therefore, establishing a
pharmacokinetic modeling scheme, which is reliable and
stable enough but still reflects the contrast dynamics in the
vessel, will provide a more precise assessment of perfusion
function. The proposed muscle-based model achieved such
purpose for investigating bone perfusion.

Firstly, the parameter V
𝑒⋅BM was observed to be reduced

with a decreased BMD, which indicated a reduced capacity
for blood perfusion in osteoporotic bone. Increased marrow
fat in osteoporotic bone may be one reason for the decreased
extravascular-extracellular volume fraction in bone marrow.
A previous work reported an increasedmarrow fat content in
the osteoporosis patients by usingMR spectroscopy [28]. Our
previous studies for osteoporosis also supported this finding
[10, 20]. In osteoporotic bone, the increasedmarrow fatwould
reduce interstitial space for perfusion, which could result in a
diminished extravascular-extracellular volume fraction [10–
12, 28, 29]. However, the change in V

𝑒⋅BM among the three
groups was nonsignificant, indicating that the marrow fat
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Figure 3: Data processing on DCE data from a subject with normal BMD. (a) Erector spinae muscle curve fitting by muscle-based model to
derive characteristic parameters; (b) bone marrow curve fitting by (1).

Table 1: Comparison among groups.

Parameter Group (𝑁) Mean SD 𝑃 value

𝐾
trans .BM (min−1)

Normal (𝑛 = 11) 0.369 0.129
0.009Osteopenia (𝑛 = 26) 0.334 0.110

Osteoporosis (𝑛 = 39) 0.255 0.135

𝐾
trans .𝑚 (min−1)

Normal (𝑛 = 11) 0.303 0.101
0.623Osteopenia (𝑛 = 26) 0.310 0.116

Osteoporosis (𝑛 = 39) 0.280 0.136

V
𝑒.BM

Normal (𝑛 = 11) 0.191 0.245
0.637Osteopenia (𝑛 = 26) 0.146 0.214

Osteoporosis (𝑛 = 39) 0.125 0.184

V
𝑒.𝑚

Normal (𝑛 = 11) 0.186 0.286
0.662Osteopenia (𝑛 = 26) 0.114 0.177

Osteoporosis (𝑛 = 39) 0.159 0.276

content change may not be the main contribution to the
perfusion function degeneration in osteoporosis.

Secondly, 𝐾trans ⋅BM was also found decreased in subjects
with lower BMD, implying a degenerated blood supply
function. Such degeneration could also diminish the nutri-
tion exchange between the bone tissue and the artery. It
appears that the exchange rate across the vessel wall is
reduced as BMD decreases. Multiple factors can affect this
exchange rate, such as capillary endothelial permeability and
interstitial or intraosseous pressure. For the latter factor,
higher interstitial pressures will limit diffusion of molecules
between the capillary bed and the interstitial space. It has
been revealed by a previous study [30] that increasedmarrow
fat increases intraosseous pressure. The increased marrow
fat content would limit exchange between the intravascular

and interstitial spaces resulting in a weakened perfusion
rate. Reduction of arterial capillary density could be another
reason for the decreased 𝐾

trans ⋅BM in the bone with lower
BMD. Patients with proximal femoral osteoporosis have been
reported with reduced density of arterial capillaries andmore
frequent arteriosclerotic vascular lesions [31]. Another study
on multiple myeloma infiltration of vertebral bodies found
that the reduction of the blood volume during the perfusion
mirrored bone marrow vessel density assessed histologically
[23].

Thirdly, it is interesting that muscle perfusion indices did
not change with BMD (𝑃 > 0.6). With respect to vascu-
lar inflow, previous studies have shown that the perfusion
anomalies occurring in osteoporosis most likely originate
within bone but not within adjacent muscle [11, 12]. In other
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words, decreased perfusion function in osteoporosis is a local
degeneration of bone rather than a systematic circulatory
disturbance.

This retrospective study had one main limitation. The
data acquisition duration was relatively short at 87 seconds,
which may limit the assessment of the full wash-out phase
and thus the influence the parameter derivation. The derived
parametersmay be deviated from the true value.However, the
trend for the parameter change among different groups still
reflects the real situation and is supported by other studies.

In conclusion, a muscle-based pharmacokinetic model
was proposed for bone marrow perfusion without using
AIF. Such model avoided the direct association with the
variable contrast agent dynamics in the artery and could
provide a more reliable analysis. The perfusion indices, V

𝑒.BM
and 𝐾

trans .BM, were both decreased in osteoporotic bone.
Decreased interstitial space and reduced capillary density
are possible reasons for the degenerated perfusion function.
Further, these factors should be considered in themechanism
investigation of osteoporosis.
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Sequential Monte Carlo estimation on point processes has been successfully applied to predict the movement from neural activity.
However, there exist some issues alongwith thismethod such as the simplified tuningmodel and the high computational complexity,
whichmay degenerate the decoding performance ofmotor brainmachine interfaces. In this paper, we adopt a general tuningmodel
which takes recent ensemble activity into account. The goodness-of-fit analysis demonstrates that the proposed model can predict
the neuronal responsemore accurately than the one only depending on kinematics. A new sequential Monte Carlo algorithm based
on the proposedmodel is constructed.The algorithm can significantly reduce the rootmean square error of decoding results, which
decreases 23.6% in position estimation. In addition, we accelerate the decoding speed by implementing the proposed algorithm in
a massive parallel manner on GPU.The results demonstrate that the spike trains can be decoded as point process in real time even
with 8000 particles or 300 neurons, which is over 10 times faster than the serial implementation.Themain contribution of our work
is to enable the sequential Monte Carlo algorithm with point process observation to output the movement estimation much faster
and more accurately.

1. Introduction

Brain machine interfaces (BMIs) attempt to build direct links
between brains and artificial devices, such as computer cur-
sors and robotic arms [1–5]. They are considered as potential
solutions to help paralyzed patients restore motor control,
especially for those suffering from stroke, spinal cord injury,
or amyotrophic lateral sclerosis [6–8]. In the past decade, the
research on BMIs has made a great progress due to the rapid
growth and development in neuroscience, computer science,
and engineering. Many experimental demonstrations have
shown the ability to estimate continuous movement of the
limbs by exploiting the spatial and temporal structure of the
motor cortical activity [9–11].

To make the direct control of the prosthetic devices
practical for those patients, the estimation of the movement
should be highly accurate and fast enough for real-time

implementation. Several signal processing approaches have
been applied to extract the functional relationship between
the neural activity and the corresponding movement [12–
18]. Recently, sequential Monte Carlo estimation with point
process observation (SMCPP) is proposed to decode the
spike trains, in which the spike trains are regarded as point
processes and the spiking timing information is exploited by
estimating the instantaneous firing rate in a much shorter
interval (∼10msec) [19–21], while this information is dis-
carded bymany previous decoding algorithms which directly
predict the movement from binned spike trains [12, 13, 18].
In addition, compared with many state-space model based
algorithms, such as Kalman filter and point process adaptive
filter [15, 16, 22, 23], there is no restriction on the posterior
distribution of the state, which makes the SMCPP more
flexible and suitable for the highly nonlinear systems such
as BMIs. The experiment has demonstrated that the removal
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of the Gaussian assumption on state distribution and the
utilization of the neural tuning model to estimate firing rate
could increase the decoding accuracy [20].

Although the SMCPP performs well in previous studies,
several issues can be further improved. The first one is the
tuning model, which reflects the physiological knowledge
of neurons responding to stimuli. Properly building the
tuningmodel helps the SMCPP estimation since the posterior
state density is updated based on the discrepancy between
the actual neural firings and the instantaneous firing rates
estimated from the model. In previous studies, the tuning
models in SMCPP are usually either a parametric or nonpara-
metric function that assume firing rates of neurons are only
dependent on the kinematics. However, recent studies have
demonstrated that they also depend on extrinsic covariates,
as well as many other factors. Truccolo et al. find that the
spiking of a single neuron could be better predicted by the
spiking history of ensemble [24, 25]. Pillow et al. analyze
the correlated firing in a population of macaque parasol
retinal ganglion cells and find that the spike times can be
more accurately predicted when the spiking of other neurons
is taken into account. Furthermore, the optimal, model-
based decoding can extract 20% more information when the
ensemble activity is included in the tuning function [26].
However, in the above study, the stimulus is binary sequence
and the spikes are recorded from retinal cells. Another way to
build a better tuningmodel is to explain the unknown factors
using multidimensional hidden states [27, 28]. Although the
results demonstrated that this approach can achieve a better
decoding accuracy, a potential problem is that the hidden
state needs to be estimated by an Expectation Maximization
algorithm at every iteration, which may result into instability
and extra computational complexity. Another issue of the
SMCPP is the high computational complexity because of the
posterior density estimation by large number of particles,
which brings the challenge to the real-time BMI systems.
To increase the decoding speed, the main method before
is to increase the processor clock speed, while it becomes
plateaued in recent years. An alternative way is to add
multiple cores into CPU. However, the number of cores in
most commercially available CPUs is 2 or 4 and some may
be up to 8. Another solution is to implement the decoding
algorithm on dedicated hardware architectures such as FPGA
[29–31]. But the hardware-based solution is often difficult to
develop and maintain and lacks flexibility.

In this paper, we attempt to address the issues of the
SMCPP mentioned above, making the decoding algorithm
more efficient and applicable for the high-performance BMI
systems. Firstly, we propose to extend the state-space model
[20] by incorporating the recent ensemble activity into the
tuning functions of neurons and the state transition model.
The predicting power of tuning models with and without
ensemble activity is evaluated and compared.The continuous
kinematics of a monkey performing a target-pursuit task are
decoding from the neural recordings in the primary motor
cortex using the SMCPP based on such new models. The
statistical performances are evaluated on multiple days. We
do the experiment to see whether the decoding accuracy
of the SMCPP can be improved when the ensemble effect

is taken into account. Another contribution of our work is
the speedup of the decoding algorithm for the demands of
real-time implementation. We implement the SMCPP in a
fully parallel way based on CUDA, which is a technology
that can increase the computing performance dramatically
by utilizing the hundreds of cores in graphics processing
unit (GPU). Significant improvement has been obtained by
using the graphics processing unit to perform the feature
extraction in real-time brain computer interface [32]. In our
implementation, the particles are propagated and updated in
parallel. We use the parallel prefix scan algorithm to perform
the weight summation which is often done serially before.
The decoding speed of the proposed algorithm is observed to
examinewhether it satisfies the requirement of real-time BMI
systems especially when the number of particles is large. Due
to the great development of the neural recording technology
in the last decade, hundreds of neurons can be simultaneously
recorded to build a high-dimensional data space [33]. We
apply our proposed algorithm on such a scenario to validate
its real advantages.

This paper is organized as follows. Section 2 intro-
duces data recording and the BMI task. The details of
SMCPP algorithm, the corresponding neural tuning model,
the state transition model, and the parallel implementation
are described in Section 3. In Section 4, we evaluate the
predicting power of different tuningmodels and compare the
decoding accuracy using sequential Monte Carlo algorithm
with and without including the recent ensemble activity. In
addition, we observe the decoding speed of our proposed
algorithm to see whether it fulfills the requirement of real-
time BMI systems. We discuss the results and conclude in
Section 5.

2. Experiment Setup and Data Recording

The paradigm of the motor brain machine interface was
designed and implemented in the Qiushi Academy for
Advanced Studies at Zhejiang University. An adult male
monkey was trained to perform a two-dimensional target-
reaching task. After a target circle was presented on a
computer screen, the monkey moved the cursor towards the
target by controlling a handheld joystick. When the target
was intersected with the cursor for a certain time, it would
disappear and another target would show in a new position
nearby the current one. The monkey was rewarded when the
task was performed successfully for a while. The correspond-
ing position of the joystick was recorded continuously with
a sampling rate of 20Hz, the velocity was estimated as the
difference between current and previous positions, and the
acceleration was estimated as the first-order difference from
the velocity.

A Utah array (1.0mm electrode length, 96 channels with
ICS-96 connector, Blackrock Microsystems) was chronically
implanted in the arm area of primary motor cortex (M1)
contralateral to the hand performing the task. Details about
the surgical procedure could be found in [34, 35]. After
the surgical procedure, a 128 Cerebus Data Acquisition
system (Blackrock Microsystems, USA) was used to record
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Figure 1: (a) The spike waveforms from 4 neurons with different SNRs. (b) The raster graph of the population activities during the task. (c)
The arm trajectory in the 2D plane corresponding to the ensemble activity in (b).

the neuronal action potentials during the experiment. The
sampling rate was 30 kHz and the action potentials were
detected by a thresholding method. The waveforms of the
spikes were amplified and band-pass filtered from 250Hz to
7.5 kHz. Only the neurons whose firing rates were larger than
1Hz and SNR thatwere larger than 2were isolated to avoid the
nonrobustness during the computation. Figure 1(a) depicts
the spikes recorded from 4 neurons with different SNRs.

The time of each spike was recorded and the firing rate
was computed as the number of spikes within 10ms time
windows.We found that over 99% of these counts were either
0 or 1, which made the ensemble activity as multichannel
point process observation. Meanwhile, all the kinematics
recorded were interpolated and synchronized with the spike
trains. Figure 1(b) shows a raster graph of the ensemble
activity during a time interval, and Figure 1(c) plots the
corresponding trajectory of the position in 2D plane.

3. Methods

3.1. Tuning Function with Ensemble Correlation. Given a time
interval (0 𝑇], a spike train consists of 𝐽 spikes of a neuron
observed at time 0 < 𝑢

1
< 𝑢
2
< ⋅ ⋅ ⋅ < 𝑢

𝐽
< 𝑇. Therefore, it

can be regarded as a point process which is composed of a set
of binary events that occur in continuous time, which can be
fully characterized by its conditional intensity function:

𝜆 (𝑡) = lim
Δ→0

𝑃 (𝑁 (𝑡 + Δ) − 𝑁 (𝑡) = 1)

Δ

, (1)

where𝑁(𝑡) is the number of spikes fired in the time interval
(0 𝑡]. Based on the theory of point process, if Δ is small
enough, the probability of observing a spike in the interval
between 𝑡 and 𝑡+Δ can be well approximated by the following
equation:

𝑃 (𝑑𝑁 (𝑡)) = exp (𝑑𝑁 (𝑡) log (𝜆 (𝑡) Δ) − 𝜆 (𝑡) Δ) , (2)

where 𝑑𝑁(𝑡) is the activity of the neuron at time 𝑡. If there is
a spike at time 𝑡, then 𝑑𝑁(𝑡) equals 1, otherwise 0.

The conditional intensity functions of spike trains can be
defined as the neuronal tuning functions which reflect the
tuning property of neurons and characterize the relationship
between the covariates and the neuronal response. The
function should be designed properly because in decoding
stage the posterior state distribution is updated based on
the discrepancy between the firing of neurons and the
instantaneous firing rate 𝜆(𝑡) estimated from it. In previ-
ous decoding algorithms, the tuning function was usually
assumed to be only dependent on the current kinematics
𝑥(𝑡). However, the studies in neuroscience demonstrate that
the spiking activity of a single neuron is dependent not only
on external covariates, but also on the spiking history of the
neuron itself and spiking activities of other neurons due to
the coupling between them. We propose to apply a more
general tuning function which extends the traditional ones
and estimate the instantaneous firing rate based on both
the kinematics and recent ensemble activity. Let 𝑥

𝑡
and 𝐻

𝑡

represent the kinematics and the recent ensemble activity at
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time 𝑡, respectively. More specifically, 𝐻𝑖
𝑡

is defined as the
number of spikes fired during the time interval [𝑡−𝑙 𝑡) for the
neuron 𝑖, where 𝑙 is the time length which will be determined
in the following analysis. Then our tuning function can be
formulated as

𝜆 (𝑡) = 𝜆 (𝑥
𝑡
, 𝐻
𝑡
) = exp(𝛼

0
+

𝐷

∑

𝑖=1

𝛼
𝑖
𝑥
𝑖

𝑡

+

𝐶

∑

𝑗=1

𝛽
𝑗
𝐻
𝑗

𝑡

) , (3)

where 𝐷 is the dimension of the kinematic vector, exp(𝛼
0
) is

the background firing rate, 𝛼
𝑖
is the modulation in firing rate

of the 𝑖th component of kinematic vector, 𝐶 is the number
of neurons in the ensemble, and 𝛽

𝑗
represents the influence

of the 𝑗th neuron on the target neuron. The above equation
takes the movement, the spiking history of the target neuron,
and the contributions of other neurons into account and is
referred to as full tuning model in the following. By contrast,
the tuning equation which only depends on the movement
is referred to as mov tuning model. It is similar to (3) but
without the third term in the exponential function.

In the full tuning model, the time length 𝑙 of the recent
ensemble activity is a parameter that needs to be determined.
If the value of 𝑙 is too small, then information contained
in the rest of ensemble activity will be wasted. While if the
value is too large, which means too much ensemble activity
is included, it is likely to incorporate irrelevant information
which could bias the estimation of the firing rate. Therefore,
it is necessary to assess the performance of the tuning model
with different length of recent ensemble activity. In addition,
we also need to compare its performance with mov tuning
model to demonstrate the superiority. Due to the point pro-
cess property of a spike train, traditional distance measures
like mean square error could not be applied directly. In this
paper, we adopt the receiver operating characteristic (ROC)
analysis and Kolmogorov-Smirnov (KS) plot to evaluate the
performance of tuning models.

Receiver Operating Characteristic Analysis. Suppose the
parameters of the tuning function have been estimated from
the training data; then, for any neuron, we can compute the
instantaneous firing rate 𝜆(𝑡). To get the ROC curve, wemake
a threshold and compute the spike prediction 𝑟

𝑐
(𝑡) as follows:

𝑟
𝑐
(𝑡) = 1 if 𝜆 (𝑡) ≥ 𝑐

𝑟
𝑐
(𝑡) = 0 if 𝜆 (𝑡) < 𝑐.

(4)

For each threshold 𝑐, the ratio of the true positive rate (TPR)
to the false positive rate (FPR) given the recorded spikes
data could be computed, resulting in the ROC curve. The
area under the curve (AUC) corresponds to the probability
that the proposed model will assign a higher probability
to the sample from the spike population compared to the
sample from the no-spike population. Therefore it provides
an assessment of the goodness of fit of the model.

Kolmogorov-Smirnov Plot. Based on the time-rescaling the-
orem, we can transform a point process into a Poisson
process with unit rate which is appropriate for goodness of
fit assessment [36]. Firstly, the tuning function is fitted to

the spike train data based on the proposed model. Then the
rescaled times 𝑧

𝑗
could be computed as follows:

𝑧
𝑗
= 1 − exp{∫

𝑢𝑗+1

𝑢𝑗

𝜆 (𝑡) 𝑑𝑡} , (5)

where 𝑗 = 1, . . . , 𝐽 − 1. If the proposed model is correct,
𝑧
𝑗
will be random variables sampled uniformly from the

interval [0, 1). The 𝑧
𝑗
values are ordered from smallest to

largest, generating a new sequence 𝑧
𝑘
. And a uniform density

is defined as 𝑏
𝑘
= (𝑘 − 1/2)/𝑛 for 𝑘 = 1, . . . , 𝑛 against 𝑧

𝑘
.

Finally, the cumulative distribution function of the uniform
density could be plotted, which is namedKS plot. If themodel
is correct, points in the KS plot will be on a 45-degree line.
More details can be found in [36].

3.2. Sequential Monte Carlo Estimation and Parallel Imple-
mentation. The state-space model based algorithms are
widely used in brain machine interfaces to infer the latent
state like the kinematics from neural activity. In this work, (3)
and (2) constitute the observationmodel. In previous studies,
the movement was often assumed to be a random-walk
model, where the current state only depended on the previous
state plus some noise. In this paper, we also incorporate
the ensemble activity into the state vector, resulting in an
augmented state vector 𝑠

𝑘
= [𝑥
𝑘
𝐻
𝑘
], and then the new state

equation is defined as

𝑥
𝑘
= 𝐴𝑠
𝑘−1

+ 𝑤, (6)

where 𝐴 is the system evolution matrix and 𝑤 is a zero-
mean Gaussian noise with covariance matrix 𝑄. As a result,
the current state depends not only on the previous state, but
also on the recent ensemble activity. We term the state-space
model that includes the recent ensemble activity as the full
model and whose state and observation models only depend
on movements as mov model.

Once the transition and the observation functions have
been defined as above, the state can be formulated as the
posterior distribution given the observations, which can be
estimated recursively as follows:

𝑝 (𝑥
𝑘
| 𝑁
1:𝑘
) =

𝑝 (𝑥
𝑘
| 𝑁
1:𝑘−1

) 𝑝 (𝑑𝑁
𝑘
| 𝑥
𝑘
, 𝐻
𝑘
)

𝑝 (𝑑𝑁
𝑘
| 𝑁
1:𝑘−1

)

, (7)

𝑝 (𝑥
𝑘
| 𝑁
1:𝑘−1

)

= ∫𝑝 (𝑥
𝑘
| 𝑥
𝑘−1
, 𝐻
𝑘
) 𝑝 (𝑥

𝑘−1
| 𝑁
1:𝑘−1

) 𝑑𝑥
𝑘−1
,

(8)

where 𝑁
1:𝑘
= [𝑑𝑁

1
, 𝑑𝑁
2
, . . . , 𝑑𝑁

𝑘
] is the population activity

up to time 𝑘, 𝑝(𝑥
𝑘
| 𝑁
1:𝑘−1

) is the one-step prediction which
could be calculated according to (8), and the value of 𝑝(𝑑𝑁

𝑘
|

𝑥
𝑘
, 𝐻
𝑘
) can be computed based on the observation model.

An issue with the above recursive estimation is that (8) is
difficult to compute because of the integration operation, and
the posterior density is usually multimodes or highly skewed.
Sequential Monte Carlo estimation provides a good solution
to this problem [37]. The basic idea is to represent the poste-
rior density as a set of weighted particles without restricting
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Figure 2: An illustration of the parallel prefix scan algorithm. (a) The up-sweep phase. (b) The down-sweep phase.

it to be any particular distribution. Initially, the weighted
particles {𝑥𝑖

1:𝑘

, 𝑤
𝑖

𝑘

}
𝑁𝑠

𝑖=1

are generated from a prior density, and
all the weights are set to 1/𝑁𝑠. Then the algorithm runs in
an iterative way. For each iteration, particles 𝑥𝑖

𝑘

are generated
from 𝑝(𝑥

𝑘
| 𝑥
𝑖

𝑘−1

, 𝐻
𝑘
); then the importance weights are

updated according to the equation 𝑤
𝑖

𝑘

= 𝑤
𝑖

𝑘−1

𝑝(𝑑𝑁
𝑘
|

𝑥
𝑖

𝑘

, 𝐻
𝑘
). After the importance weights are all updated and

normalized, the posterior density of state at time 𝑘 can be
approximated as

𝑝 (𝑥
𝑘
| 𝑁
1:𝑘
) =

𝑁𝑠

∑

𝑖=1

𝑤
𝑖

𝑘

𝑘 (𝑥
𝑘
− 𝑥
𝑖

𝑘

, 𝛿) , (9)

where 𝑘 (𝑥
𝑘
− 𝑥
𝑖

𝑘

, 𝛿) is a Gaussian kernel whose mean is 𝑥𝑖
𝑘

and covariance is 𝛿. One principal purpose of BMI systems
is to control the external device. A common way for the
BMI decoder to output a control command is to average
the posterior density. A phenomenon named degeneracy will
appear after the algorithm runs over a few iterations, leading
to a large amount of computational effort being wasted on
the samples with small importanceweights [38]. To overcome
this problem, a resampling stage is introduced at the end of
each iteration. In this paper, we adopt systematic resampling
method and the details can be found in [39].

We adopt the rootmean square error (RMSE) between the
actual and the reconstructed trajectories as an assessment of
the decoding algorithm and compare the decoding accuracy
of the SMCPP based on the full model and mov model.

Parallel Implementation. To accelerate the computational
speed, we implement the SMCPP in a massively parallel
manner based on the compute unified device architecture
(CUDA). It is computationally feasible for particles genera-
tion and weights calculation to concurrently execute, since
the operation on each particle is independent of others.
Then the resampling stage becomes a bottleneck because

of its sequential in essence. In systematic resampling, the
cumulation of the weights runs serially since the operation
on current step is dependent on the result computed on last
step. It takes 𝑁 steps to get the result. We adopt parallel
prefix sum algorithm which could dramatically reduce the
computational complexity of calculating the cumulative sum
[40]. The basic idea is to build a balanced binary tree based
on the input data; then the prefix sum can be computed
by sweeping the tree to and from its root. The algorithm is
demonstrated in Figure 2, where the red blocks represent the
active nodes and 𝑥

𝑖:𝑗
= ∑
𝑗

𝑘=𝑖

𝑥
𝑘
.The algorithm consists of two

phases: the up-sweep phase which is depicted in Figure 2(a)
and the down-sweep phase presented in Figure 2(b). During
the up-sweep phase, at each iteration, half of the threads
active at last iteration are still active and compute the partial
sum of internal nodes with a distance of 2𝑑. The down-sweep
phase followed by the up-sweep phase is like the reverse
of the previous phase. In each iteration, in addition to the
computation of partial sum, each active node passes its values
to its left child. The computational complexity of the parallel
prefix sum algorithm is 𝑂(log

2

𝑁), which is much more
efficient than the serial version above whose computational
complexity is 𝑂(𝑁). More details of the algorithm can be
found in [40].

4. Results and Analysis

A total number of 8 datasets recorded on different days
are used in the following analysis. The summary of these
datasets is listed in Table 1. Firstly, we determine the optimal
length of the recent ensemble activity which enables the best
performance of full tuning model. Then the performances
of the mov tuning model and the full tuning model are
compared. Since the importance weights are updated by
the discrepancy between the neural firings and the tuning
model, a well-defined tuning model is necessary to an
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Table 1: The summary of the 8 datasets used in the analysis.

Datasets 1 2 3 4 5 6 7 8
Number of neurons 40 38 39 58 40 36 27 31
Signal-to-noise ratio 4.34 4.33 4.17 3.52 3.58 3.89 4.06 4.01
Firing rate (Hz) 8.15 10.50 9.90 6.66 9.83 6.72 5.81 4.31
Length (sec) 400 400 400 400 400 400 400 300
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Figure 3: The AUC values of the full tuning model evaluated on all
the neurons recorded.The x-axis represents the time length of recent
ensemble activity included in the full tuning model.

accurate estimation of posterior density. We demonstrate the
superiority of the tuning model considering the ensemble
effect based on the receiver operating characteristic (ROC)
analysis and Kolmogorov-Smirnov (KS) plot. For a high-
performance real-time brain machine interface system, an
accurate and fast prediction of the state is required. So we
evaluate the decoding accuracy of the sequentialMonte Carlo
methods based on the mov model and the full model. Then,
the decoding speed of the algorithm is compared between the
parallel implementation running on GPU and the traditional
one running on CPU.

4.1. Tuning Model Analysis. We adopt the AUC values to
assess the predictive performance of full tuning models with
different length of recent ensemble activity. The AUC value,
which is the area under the ROC curve, is dependent on all
possible thresholds of the firing rate and computed by the
true and false positive rates. If the model is perfect, the AUC
value will be 1. Figure 3 shows the relation between the time
length of the ensemble activity and the AUC values which are
averaged among all neurons recorded. We can observe that
the AUC value increases rapidly as the more recent ensemble
activity is included before 100ms. However, when the time
length exceeds 100ms, the value decreases. Itmeans thatmost
information about the current firing probability is contained
in the kinematics and the latest 100ms ensemble activity. And
incorporating the latest 100ms ensemble activity with the
kinematics could make the observation model gain the best
performance.

We also make a comparison of the predicting powers
between mov tuning model and the full tuning model.
Figure 4 shows that histograms of AUC values evaluated on

all the neurons in the total 8 datasets.The x-axis is the possible
AUCvalues and y-axis represents the number of neuronswith
the corresponding value. The average AUC value for each
model is shown in red color. Compared with the model only
considering kinematics, the one including ensemble effect has
a significantly better predictive performance. Figure 5 shows
the KS plots of 10 typical neurons. The x-axis represents the
quantiles and the y-axis represents the cumulative distribu-
tion function with respect to the uniform distribution when
the conditional intensity function equals the true one. It is
easy to see that the mov tuningmodel tends to underestimate
the conditional intensity especially at middle quantiles, while
incorporation of the ensemble effect into the tuning model
can greatly improve the explanation of the spike activity. The
black thin lines in the figure represent the 95% confidence
interval. We can observe that, for most neurons, the KS plots
based on our proposed model fall within the 95% confidence
limits. This improvement of the fitness demonstrates that,
in addition to the kinematics, the recent ensemble activity
affects the spiking of the current neuron.

4.2. Decoding Accuracy. Based on the models with and
without the ensemble effect, we decode the neural activity
recorded during the subject performing the movement task
using sequential Monte Carl estimation. Figure 6 shows a
segment of the reconstructed kinematics. The upper and
down panels, respectively, show the predicted kinematics for
normalized position values on x-axis and y-axis. In each
subplot, the red solid line indicates the true signal, the dash
black line indicates the estimation by mov model, and the
solid blue line is the estimation by the full model. It is
obvious that the full model provides the more consistent
reconstruction compared to the previous one.

We apply the two kinds of models on all of the 8 datasets
to decode the kinematics.Thefirst 200s of each dataset is used
as training data, and the rest is for testing. Figure 7 shows
the statistical performance evaluated on the 8 datasets. The
red and blue bars depict the decoding accuracy evaluated
by the models with and without incorporating ensemble
effect, respectively. It is clear that the decoding error is
greatly reduced if the ensemble activity is combined with the
kinematics in themodel. Furthermore, among the kinematics
the position gains the highest improvement (about 23.6%),
and the improvement of the acceleration is not so much
obvious (about 5.02%). Here we perform the left-tail paired
Student t-test against the alternative that the decoding error
of our proposedmethod is smaller. All the tests are performed
on the null hypothesis at 𝛼 = 0.05 significance level. The 𝑃
values are shown in Table 2. Not surprisingly, the SMCPP
method based on the full model provides smaller decoding
error than the one based on mov model statistically (𝑃 <

0.05, left tail, paired Student’s t-test). In most brain machine
interface applications, we usually use the position values to
control an external device. Therefore, the incorporation of
ensemble effect in the decoding algorithm is helpful to high-
performance BMI systems.

We vary the time length of the recent ensemble activity
included in the full model and evaluate the corresponding
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Figure 4: The histograms of AUC values of the tuning models evaluated on all the neurons recorded. The x-axis is the possible AUC values
and y-axis is the number of neurons with the corresponding value. The numbers in red color are the averaged AUC values. (a) Mov tuning
model. (b) Full tuning model with the recent 100ms ensemble activity.
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Figure 5: KS plots of 10 neurons for the mov tuning model and the full tuning model. The x-axis represents the quantiles and the y-axis
represents the cumulative distribution function.The black thin lines in the figure represent the 95% confidence interval. Compared with mov
tuning model, the improvement by full tuning model is considerable.

decoding accuracy. The results are displayed in Figure 8.
The y-axis of two subplots represents the root mean square
errors evaluated on the position and velocity, respectively.
The left subplot demonstrates that incorporating the latest
100ms ensemble activity could achieve the best decoding
result on position. It is consistent with the result obtained
from Figure 3 that 100ms is the best time length for the
ensemble activity included in the tuning model. The right
plot demonstrates that if we want the velocity to be accurately
reconstructed, then the latest 50ms ensemble activity is a
better choice. However, regardless of the position or velocity,
the corresponding decoding accuracy always improves at the
beginning asmore ensemble activity included and then drops
when the time length continues to increase.

4.3. Decoding Speed. A high-performance real-time brain
machine interface system requires not only the decoding
result to be accurate but also the decoding speed to be
fast enough. A challenge to the application of sequential

Monte Carlo estimation in such kind of system is the high
computational complexity. To accelerate the decoding speed,
we implement the algorithm in fully parallel based on CUDA
and compare the performance with the one that runs serially.
The serial version of the algorithm runs on the i7 CPU with a
clock rate of 2.4GHz, and the RAM of the computer is 4GB.
TheGPUused by our parallel algorithm isNVIDIAGT730M,
in which the clock rate is 758MHz, the number of CUDA
cores is 384, and the global memory is 1 GB. The clock rate
of CPU is much faster than the one of GPU.

The experimental results are plotted in Figure 9.
Figure 9(a) shows the relationship between the number
of particles and the decoding speed of corresponding
algorithms. The blue dash line represents the serial
implementation running onCPU, and the red solid line is our
proposed one running in parallel on GPU. As the number of
particles increases, the computational time needed for each
bin becomes much longer. For our parallel implementation,
the computational time for each bin is less than 8ms and



8 BioMed Research International

0 25 50 75
−4
−2

0
2
4

Time (s)

N
or

m
al

iz
ed

po
sit

io
n 
X

True
Full model
Mov model

(a)

0 25 50 75
−4
−2

0
2
4
6

Time (s)

True
Full model
Mov model

N
or

m
al

iz
ed

po
sit

io
n 
Y

(b)

Figure 6: Reconstructed positions for a target-reaching task estimated by sequentialMonte Carlomethod.The red lines are actualmovement,
the blue lines represent the estimation based on full model, and the black dash lines are predicted based on the mov model.

Pos (X) Pos (Y) Vel (X) Vel (Y) Acc (X) Acc (Y)
0

0.2

0.4

0.6

0.8

1

1.2

Ro
ot

 m
ea

n 
sq

ua
re

 er
ro

r

Figure 7: The statistical performance provided by the sequential
Monte Carlo estimation with different models. Blue bars and red
bars represent the mov model and full model, respectively. It is
obvious that the full model can dramatically reduce the error during
the estimation of movement trajectory.

Table 2: 𝑃 values (left-tail, paired Student’s 𝑡-test, 𝛼 = 0.05).

Pos(𝑋) Pos(𝑌) Vel(𝑋) Vel(𝑌) Acc(𝑋) Acc(𝑌)
Full model
versus mov
model

2.58𝑒 − 5 0.0412 0.0053 0.0049 9.30𝑒 − 4 0.0372

even the number of particles is as large as 8000, while one
for the serial version is as high as 80ms. In neural decoding
with point process observation, a common choice for the
temporal resolution of spike trains is 10ms, which means
that our algorithm can work well in real-time brain machine
interface applications even with a large number of particles.
In addition, we evaluate the decoding time with different
number of neurons. Since the number of neurons recorded
is limited, we duplicate the neurons many times to get a large
ensemble size. The results are plotted in Figure 9(b). It shows
that when the number of neurons exceeds 100, for the serial
version of the algorithm, the computational time of each bin
is larger than 10ms and increases rapidly as more neurons
are used. While our proposed method can decode the neural
activity in 10ms even the number of neurons is as much as
300, which is feasible nowadays due to the development of
single-unit recording technology.

5. Conclusion and Discussion

In this work, we attempt to improve the decoding perfor-
mance of the SMCPP algorithm by addressing two issues in
previous studies. One is the simplified tuning considering no
neural ensemble effect, which may degenerate the decoding
performance. The other is the high computational complex-
ity, which brings the challenge for real-time implementation.
We propose to include neural ensemble effect into the tuning
function and find that 100ms is the optimal time length of
the ensemble activity which enables the model to perform
the best, while previous SMCPP methods usually assume the
instantaneous firings only depend on the movement. The
goodness of fit analysis demonstrates that the tuning model
which takes the ensemble effect into account can greatly
increase the predicting power on the neuronal response. It is
more consistent with the neurophysiologic knowledge since
cortical neurons are interconnected in a large network by a
huge number of synaptic inputs which can induce some kind
of coupling [25].

Given the tuning function, the sequential Monte Carlo
estimation can be applied directly on the spike trains to
predict the movement. The posterior density of movement is
represented by a set of weighted samples, and the importance
weights are updated based on current neural firings and the
instantaneous firing rate estimated from the tuning model.
Therefore, the tuning model which is well consistent with
the true one is necessary for a good estimation of states.
In addition, we also incorporate the ensemble activity into
the state transition equation. Based on the state and tuning
models we propose, a SMCPP algorithm is built and applied
to predict the movement from the neural activity recorded
in primary motor cortex.We evaluate the statistical decoding
accuracy on multiple datasets. The results demonstrate that
our proposedmodel which takes the recent ensemble activity
into account can improve the decoding accuracy, especially
on position, compared to the model which only depends on
the movement. Furthermore, we find that the best accuracy
on position is achieved by including the latest 100ms ensem-
ble activity.

Though the SMCPP can predict the movement more
accurately by taking the recent ensemble activity into
account, the high computational complexity is still an issue
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Figure 8: The decoding accuracy evaluated based on the tuning model with different time length of recent ensemble activity. (a) Average
root mean square error of position. (b) Average root mean square error of velocity.
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Figure 9: (a) The computational time of a single bin with different number of particles. (b) The computational time of a single bin with
different number of neurons.

which prevents it from being used in real-time brainmachine
interfaces. To accelerate the decoding speed, we implement
the algorithm in fully parallel based on CUDA.The weighted
particles are propagated, updated, and resampled simulta-
neously on hundreds of cores in GPU. The result shows,
for our method, the computational time for each 10ms data
input is only about 8ms and even the number of particles is
larger than 8000. We also find that our algorithm can also
fulfill the time resolution of real-time BMI systems and even
over 3 hundred neurons are recorded. Compared with the
serial implementation running on GPU, our parallel method
runs over 10 times fast. Another advantage of our proposed
algorithm is that the GPU is relatively cheap and simple to be
upgraded compared with the CPU.

Our work enables the sequential Monte Carlo algorithm
with point process observation to output the movement
estimation much faster and more accurate, which is helpful

to the high-performance BMI systems. Decoding accuracy
can be improved by taking the recent ensemble activity
into account. Meanwhile the decoding speed is much faster
compared to the traditional ones running on CPU. Although
the results are interesting, the signal processing approaches
for spike trains can be further developed. A feasible way is to
improve the encodingmodel by considering the sparseness of
the neural connections.Themore accurate model can reduce
the bias during the update of the importance weights and is
potential to increase the decoding accuracy.
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While the world is stepping into the aging society, rehabilitation robots play a more and more important role in terms of both
rehabilitation treatment and nursing of the patients with neurological diseases. Benefiting from the abundant contents ofmovement
information, electroencephalography (EEG) has become a promising information source for rehabilitation robots control. Although
the multiple linear regression model was used as the decoding model of EEG signals in some researches, it has been considered
that it cannot reflect the nonlinear components of EEG signals. In order to overcome this shortcoming, we propose a nonlinear
decoding model, the particle filter model. Two- and three-dimensional decoding experiments were performed to test the validity
of this model. In decoding accuracy, the results are comparable to those of the multiple linear regression model and previous
EEG studies. In addition, the particle filter model uses less training data and more frequency information than the multiple linear
regression model, which shows the potential of nonlinear decoding models. Overall, the findings hold promise for the furtherance
of EEG-based rehabilitation robots.

1. Introduction

With the growth of the aging population, treatment needs for
nervous system diseases (e.g., spinal cord injury or stroke)
have become bigger and bigger. As an advanced form ofmed-
ical technology, rehabilitation robots have great potential in
terms of both rehabilitation treatment and nursing. In recent
years, the rehabilitation robot has become a research hotspot
in the fields of brain science, biomedical and rehabilitation
engineering, intelligent information processing, bionics, and
so on. The control strategies of rehabilitation robots include
force control, force field control, and bioelectrical signal
(EMG, EEG, etc.) control. Brain signals are recorded by
electrodes, reflecting the summation of the synchronous and
rhythmic activity of neurons. Compared with EMG, brain
signals contain more motion patterns and are available for
more people; they are thus more suitable as an information
source for rehabilitation robots. Brain signals can be obtained
by invasive or noninvasive methods, though signals acquired
by invasive methods have high signal-to-noise ratio and
spatial resolution, and invasive method-based rehabilitation
robot research has made great strides in animal experiments
[1–4].

Due to the inherent risks of surgery and the gradual
degradation of signal integrity, the invasivemethod is difficult
to promote in clinical application. Although neuronal data
acquired noninvasively from the scalp via electroencephalog-
raphy (EEG) has comparatively low signal-to-noise ratio
and spatial resolution, it is more suitable to be used in
rehabilitation robots and in clinical applications because of
its directness, its security, the simplicity of its acquisition
equipment, its easy operation, its lower cost, and its fewer
environmental restrictions.

In recent years, researchers have tried to read human
mind from the EEG to determine the movement intent of
people to achieve a noninvasive intelligent prosthetic control
using, for example, the motor imagery-based rehabilitation
system [5], the MindWalker of the Twente University [6],
and the lower exoskeleton control system studied by the
University of Houston [7]. Researchers, who study the EEG
signals, concentrated more on pattern classification and
feature extraction based on event-related potentials [8], visual
evoked potential [9], and mental tasks [10].

In order to better control prostheses using EEG,
researchers have been trying to get more movement
information from the EEG signal besides pattern recognition
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or time-frequency analysis to identify the intent to achieve
movement. For instance, Zhao et al. used the duration
of a specific image to define the intensity of the task
control commands, thus providing continuous control of
an additional parameter [11]. Logar controlled the clamping
force according to the phase demodulation method based
on EEG [12]. The literature [13] analyzed the relationship
between the actual movement velocity and the image. But,
this movement information for intelligent prosthesis control
is also far less.

Researchers have conducted studies on motion infor-
mation extraction from EEG based on research on motion
information extraction methods from an invasive signal
(mainly decoding method includes linear filtering [14–16],
Kalman filtering [17, 18], linear equation of state [19], and
support vector machines [20]). In 2009, Bradberry et al.
proposed a method to continuously decode hand position,
velocity, and acceleration from 55-channel EEG signals and
established a mapping model between EEG and motion
information [14]. On this basis, in 2010, Bradberry contin-
uously decoded 2D center-out movements, unconstrained
3D center-out movements, and 3D finger gestures, showing
that EEG signals also contain rich motion information in
the macroscale movement [15]. Lv et al. used a Kalman filter
to predict the hand velocity in a “self-routed” movement
based on features such as amplitude and power spectrum [21].
Antelis et al. established a mapping model between EEG and
motion information by training the recorded trajectory from
the initial point to the fixed point or any target point and the
features of EEG in the spatial and time-frequency domain
through the support vector machine (SVM) [22]. However,
the researches above are limited to the decoding of specific
limb trajectory. In 2011, Presacco et al. proposed a method
that decoded unconstrained treadmill walking fromEEG [16]
and successfully obtained the linear and angular kinematics
of the ankle, knee, and hip joints during walking.

During research on motion information extraction from
EEG, most researchers have used a multiple linear regression
decoding model based on a neural decoding method from
invasive signals. Antelis et al. pointed out that the use of
a linear regression model implies that the relevant EEG
component has to be in the same frequency range as the
signal to be decoded and suggested that a nonlinear model
should be used to relate the limb kinematics to EEG temporal
sequences [23]. Because EEG is a recording of electrical
activity along the scalp, which comes from the neurons via
the skull, the conductivity of the skull is nonlinear. The
multiple linear regression model cannot reflect the nonlinear
component of EEG.

Some nonlinear invasive neural decoding methods such
as neural networks, support vector machines, and particle
filter [24] for the movement decoding from EEG provide a
reference. Particle filter is a technique for implementing a
recursive Bayesian filter byMonte Carlo simulations.The key
idea is to represent the required density function by set of
random samples (particles) with associated weights. Particle
filtering algorithm has been successfully applied in invasive
neural decoding. For example, Wood et al. used particle
filtering to recursively infer hand kinematics and attentional

state conditioned on neural firing rates with a monkey [25].
Kelly and Lee decoded the V1 neuronal activity using particle
filtering with Volterra kernels [26]. Gao et al. described the
Bayesian decoding of hand motion from firing activity using
a particle filter [27].

This paper proposes a nonlinear decoding model based
on a particle filter. The multiple linear regression model and
particle filter model are evaluated and compared using two-
and three-dimensional hand motion decoding experiments.

2. Decoding Methods

2.1. Decoding Model by Multiple Linear Regression. The mul-
tiple linear regression model assumes that the kinematics
of the hand are related to the EEG signals at present and
the EEG signals at the previous moment and assumes that
the relationship between the EEG signals of each channel
is linear. The corresponding weight of each EEG channel
can be obtained through multiple linear regression, and the
decoding model is given by
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(1)

where 𝑥(𝑡), 𝑦(𝑡), and 𝑧(𝑡) are, respectively, the horizontal,
vertical, and depth position of the hand at time sample 𝑡, 𝑁
is the number of EEG channels, 𝐿 is the number of time lags,
𝑆
𝑛
(𝑡 − 𝑘) is the voltage measured at EEG channel 𝑛 at time

lag 𝑘, and the 𝑎 and 𝑏 variables are weights obtained through
multiple linear regression.

2.2. Decoding Model by Particle Filter. We have implemented
a particle filtering method for reconstructing hand move-
ment information from EEG signals. And, in particle filter
decoding (or Bayesian decoding), the object is to find, for
each time 𝑡, the distribution of the unobserved signal 𝐶

𝑡

(where 𝐶
𝑡
= [𝑥(𝑡), 𝑦(𝑡), 𝑧(𝑡)] has been used to represent

the position of hand at time step 𝑡, with two- or three-
dimensional vector) that is the key position information,
given observations 𝑆

1:𝑡
, while the observation 𝑆

𝑡
represented

the vector of EEG. Hence, we view the decoding problem
as a statistical inference problem in which we could get a
Bayesian estimate of the posterior 𝑝(𝐶

𝑡
| 𝑆
1:𝑡
) at every time

step. Making certain independence and first-order Markov
assumptions leads to a recursive estimate of the posterior:
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(2)

where 1/𝜆 is a normalizing constant.
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Particle filter decoding consists of two statistical models:
(1) a statemotionmodel (or temporal prior), 𝑝(𝐶

𝑡
| 𝐶
𝑡−1
), for

a process𝐶
𝑡
describing the evolution of the state we are trying

to predict (here, position of hand) and (2) a measurement
model (or an observation model, or likelihood), 𝑝(𝑆

𝑡
| 𝐶
𝑡
),

specifying the probability distribution of the data 𝑆
𝑡
given the

underlying state 𝐶
𝑡
.

2.2.1. The State Motion Model. The state motion model
describes the distribution of the unobserved signal one step in
the future,𝐶

𝑡+1
, given the current value of the signal𝐶

𝑡
. Here,

we use a second-order model, and the state motion model is
as follows:

𝐶
𝑡+1
= 𝐴𝐶
𝑡
+𝑊, (3)

where 𝐶
𝑡
= [𝑥(𝑡), 𝑦(𝑡), 𝑧(𝑡)] is the key position information,

𝐴 is the transfer matrix, and𝑊 is the Gaussian noise.

2.2.2. The Measurement Model. The measurement model
specifies the relationship between the unobserved signal 𝐶

𝑡

and the observation 𝑆
𝑡
. We assume the conditional indepen-

dence of the EEG channels where the likelihood for the EEG
signals is taken to be a Gaussian distribution. So, with some
other usual assumption [23], the measurement model can be
expressed as

𝑝 (𝑆
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(4)

where the 𝑚-dimensional vector 𝜇 is the mean and the
covariance is the positive definite matrix ∑. The main steps
of the particle filter decoding model are as follows.

(1) Initialization. Produce the particle swarm {𝑐
𝑖

0

}
𝑁𝑠

𝑖=1

by
the prior probability, and the weight of each particle
is 1/𝑁

𝑠
.

(2) Update. Update the particle weights at time 𝑘:
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Then, normalize
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The least mean-square estimate of the unknown
parameter 𝑥 at time 𝑘 can be obtained from

𝑥
𝑘
≈

𝑁𝑠

∑
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(3) Resampling. Get a new particle collection {𝑐𝑖
∗

0:𝑘

, 𝑖 =

0, 1, 2, . . . , 𝑁
𝑠
}.

(4) Prediction. Use the state equation to predict the
unknown parameter 𝑐𝑖

𝑘+1

.
(5) At time 𝑘 = 𝑘 + 1, return to step (2).

We use one set of experimental data to train the particle
filter model and another experimental data set to verify the
model. The Pearson correlation coefficient (𝑟) between the
measured and reconstructed hand positions was computed.

3. Experimental Design

After giving informed consent, six healthy, right-handed
subjects, aged 20–25 (4 men and 2 women) and with no his-
tory of neurological disease, participated in the experiments.
The experiments included two- and three-dimensional hand
motions. To verify the applicability of the two decoding
methods, we first tested their validity in two-dimensional
hand motion, and then we further tested their validity in
three-dimensional hand motion.

3.1. Two-Dimensional Hand Motion Experiment. As shown
in Figure 1, participants sat upright in a chair in front of
the computer screen; the chair could be adjusted to obtain
an appropriate height. During the experiment, participants
were instructed to move their right arm/finger to track a
computer-controlled cursor that moved along a spiral line in
two dimensions on the computer screen. Meanwhile, EEG
of participants was acquired. Participants were asked to keep
other parts of their body except the right arm still and not to
blink to reduce EMG and ocular artifacts. The most frontal
electrodes (FP1, FP2) were removed offline from participants,
as they are usually contaminated by eye blinks.

3.2. Three-Dimensional Hand Motion Experiment. As
Figure 2 shows, while wearing an EEG cap, participants held
a target object whose three-dimensional motion was tracked
by the optical tracking system. Participants swung their
hands within a certain range in space slowly and freely. The
body of participants remained still except for hand motions
to minimize interference from EMG during the experiment,
avoiding blinks to reduce ocular artifacts. The EEG signals
from the FP1 and FP2 channels were also removed in the
three-dimensional motion decoding. The optical tracking
system was a PST IRIS motion capture device (PS-tech,
Amsterdam, The Netherlands) with acquisition frequency of
120Hz.

A Neuroscan NuAmps Express system (Compumedics
Ltd., VIC, Australia) was used to acquire EEG signals with
the reference on the right mastoid process behind the right
ear.Thenumber of EEG channels, collection frequency, notch
frequency, and low-pass cut-off frequency were 30, 500Hz,
50Hz, and 100Hz, respectively. The location of 30 electrodes
according to the extended international 10–20 system is
shown in Figure 3.

In the two experiments, the hand movement and EEG
signals were both acquired with timestamps. And they can
be synchronized according to the timestamps.

3.3. Preprocessing. Vertical electroocular signals (VEOG)
were measured with two electrodes attached superior and
inferior to the orbital fossa of the left eye. And horizontal
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Figure 1: In the two-dimensional experiment, the participant moved his finger to track a computer-controlled cursor along the spiral line.

(a) (b)

Figure 2: In the three-dimensional experiment, the participant swung his hand in space and his hand movement was tracked by the PST
IRIS optical tracking system.

electroocular signals (HEOG) were measured with two elec-
trodes attached to external canthi. In EEG signals recorded by
a DC amplifier, baseline drift can occur artificially and simul-
taneously. First, the effects of baseline drift were removed.
And the eye movements were removed from the EEG using
a regression analysis. Then, the EEG signals were filtered
with a 5th-order, low-pass Butterworth filter with a cut-off
frequency of 2Hz.Themovement time of the small ball along
the spiral line was 48 s in the two-dimensional experiment,
and the number of coordinate positions of the small ball
was 3079, so the ball movement sampling frequency (i.e.,
the sampling frequency of the hand motion) was about
64Hz. Subsequently, the signals from each EEG channel
were resampled from 500Hz to 64Hz, to ensure the same
sampling frequency as that of the handmotion.The sampling
frequency of the hand motion was 120Hz in the three-
dimensional experiment, so the EEG signals needed to be

resampled from 500Hz to 120Hz.Then, the signals from each
EEG channel were standardized according to the following:

normalize (EEG) = (EEG −mean (EEG))
std (EEG)

, (8)

where normalize(EEG) is the normalized EEG signals,
mean(EEG) is the mean of EEG signals, and std(EEG) is the
standard deviation of EEG signals.

The 𝑋, 𝑌, and 𝑍 coordinates of the hand position during
the hand movement were also standardized using the same
equation. Finally, the hand position was decoded from EEG
signals using the multiple linear regression and particle filter
models. The entire process is shown in Figure 4.

4. Results

4.1. Multiple Linear Regression Model. For each subject, data
of 10 trials was collected under each experimental condition
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Table 1: The Pearson correlation coefficient (𝑟) using the multiple linear regression model for Subject 1.

Two-dimensional Test Data 1 Test Data 2 Test Data 3 Test Data 4 Test Data 5 Test Data 6
𝑅
𝑋

0.6736 0.7875 0.8733 0.8586 0.6895 0.7408
𝑅
𝑌

0.8824 0.6723 0.7870 0.5195 0.8544 0.9019
Three-dimensional Test Data 1 Test Data 2 Test Data 3 Test Data 4 Test Data 5 Test Data 6
𝑅
𝑋

0.4214 0.4354 0.5385 0.6813 0.5339 0.4097
𝑅
𝑌

0.4558 0.3772 0.5237 0.6784 0.4995 0.3745
𝑅
𝑍

0.4656 0.3708 0.5028 0.6674 0.4918 0.3672

Table 2: The Pearson correlation coefficient (𝑟) using the particle filter model for Subject 1.

Two-dimensional Test Data 2 Test Data 3 Test Data 4 Test Data 5 Test Data 6
𝑅
𝑋

0.6416 0.9248 0.7025 0.8658 0.8071
𝑅
𝑌

0.6884 0.8561 0.6761 0.7820 0.7532
Three-dimensional Test Data 1 Test Data 2 Test Data 3
𝑅
𝑋

0.4512 0.5073 0.1390
𝑅
𝑌

0.4635 0.5941 0.1569
𝑅
𝑍

0.4687 0.3452 0.2849

FP1

Cz

FP2

Fz

FCz

CPz

Pz

Oz

F7 F8
F3 F4

FT7 FT8
FC3 FC4

C3T3 C4 T4

CP3
TP7

CP4 TP8

P3
T5

P4
T6

Oz Oz

Figure 3: The location of 30 electrodes is an extended international
10–20 system.

(2D, 3D (data length: 8 s, 15 s, and 30 s)). And 6 trials were
selected from all the 10 trials according to the state of
the subjects (concentration, movement of the body, etc.)
during the trial. A 6 × 6-fold cross-validation procedure was
employed to assess the reconstruction accuracy of the hand
position from the EEG signals. In this procedure, the data
of 5 trials was used for training; the remaining 1 trial data
was used for testing. Figures 5(a) and 5(b) show, respectively,
examples of the measured (red) and reconstructed (blue)
hand positions in two and three dimensions in terms of
decoding accuracy. The lengths of the data in the three-
dimensional experiment include 8 s, 15 s, and 30 s. The 6 ×
6-fold cross-validation procedure was used for every data

length. In Figure 5(b), Test Data 1 and Test Data 4 are the
results for data lengths of 8 s, Test Data 2 and Test Data 5 are
the results for data lengths of 15 s, and Test Data 3 and Test
Data 6 are the results for data length of 30 s. Table 1 reports
the Pearson correlation coefficients (𝑟) in the two- and three-
dimensional experiments for Subject 1.

4.2. Particle Filter Model. As a nonlinear decoding model,
the particle filter model can reflect the nonlinear components
of EEG signals and only needs one set of experimental data
to train the model. For the two-dimensional experiment,
we used Test Data 1 to train the particle filter model and
the other five sets of experimental data to verify the model.
The measured (red) and reconstructed (blue) hand positions
in two dimensions are shown in Figure 6(a). For the three-
dimensional experiment, we used the particle filter model
for data of lengths 8 s, 15 s, and 30 s; the measured (red) and
reconstructed (blue) hand positions in three dimensions are
shown in Figure 6(b).The Pearson correlation coefficients (𝑟)
of Subject 1 in the two-dimensional and three-dimensional
experiments are reported in Table 2.

The measured positions and decoded positions of hand
movement in 2- and 3-dimensional spaces are shown in
Figure 7. In order to avoidmess, we only selected a part of the
hand trajectory in 3-dimensional space. As can be seen from
Figure 7, the reconstructed position curve fits the measured
position curve well.

With the multiple linear regression model, the mean
and SD of the correlation coefficients across cross-validation
procedure for all subjects are reported in Table 3, while the
results of the particle filter model are shown in Table 4.

In the two-dimensional experiment, multiple linear
regression model and particle filter model have sim-
ilar decoding accuracy (Figure 8). However, the three-
dimensional decoding results of themultiple linear regression
model are a little bit better than those of the particle filter
model. The standard deviation of 𝑟 from particle filter model
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Figure 4: Experimental procedure. EEG and hand position information were recorded when subjects were conducting the experiment. After
preprocessing, they were used to train and test the decoder.

Table 3: Decoding accuracy using multiple linear regression model for all six subjects.

Subject 1 Subject 2 Subject 3 Subject 4 Subject 5 Subject 6
Two-dimensional
𝑅
𝑋

0.77 ± 0.08 0.43 ± 0.13 0.67 ± 0.12 0.56 ± 0.09 0.61 ± 0.06 0.49 ± 0.07

𝑅
𝑌

0.77 ± 0.15 0.48 ± 0.09 0.71 ± 0.09 0.63 ± 0.12 0.58 ± 0.15 0.41 ± 0.11

Three-dimensional
𝑅
𝑋

0.5 ± 0.1 0.36 ± 0.07 0.42 ± 0.09 0.41 ± 0.1 0.37 ± 0.11 0.35 ± 0.08

𝑅
𝑌

0.48 ± 0.11 0.39 ± 0.05 0.44 ± 0.11 0.42 ± 0.08 0.35 ± 0.09 0.33 ± 0.02

𝑅
𝑍

0.48 ± 0.11 0.38 ± 0.05 0.45 ± 0.08 0.40 ± 0.13 0.34 ± 0.1 0.33 ± 0.05

Table 4: Decoding accuracy using particle filter model for all six subjects.

Subject 1 Subject 2 Subject 3 Subject 4 Subject 5 Subject 6
Two-dimensional
𝑅
𝑋

0.79 ± 0.12 0.46 ± 0.07 0.65 ± 0.07 0.59 ± 0.05 0.6 ± 0.04 0.52 ± 0.05

𝑅
𝑌

0.75 ± 0.07 0.48 ± 0.1 0.63 ± 0.1 0.64 ± 0.03 0.57 ± 0.1 0.46 ± 0.08

Three-dimensional
𝑅
𝑋

0.37 ± 0.13 0.33 ± 0.03 0.36 ± 0.03 0.35 ± 0.02 0.39 ± 0.07 0.33 ± 0.03

𝑅
𝑌

0.39 ± 0.08 0.31 ± 0.07 0.37 ± 0.04 0.32 ± 0.05 0.34 ± 0.06 0.29 ± 0.06

𝑅
𝑍

0.47 ± 0.09 0.4 ± 0.08 0.40 ± 0.07 0.33 ± 0.08 0.37 ± 0.08 0.35 ± 0.04

is smaller, which means that it is more stable. It is evident
that the decoding accuracy among subjects is variable. The
results of Subject 1 are the best because he has conducted the
experiments many times and became more adaptive.

The topographies of the contribution of each electrode
in the multiple linear regression model (at the best lag) and
in the particle filter model were plotted in Figure 9. For
the particle filter model, we used EEG signals of only one
electrode to decode hand movement each time. And the
correlation coefficient got from one electrode decoding was
used to represent the contribution of this electrode. After
the one electrode decoding procedure was used in all 30
electrodes, we can get the contribution of each electrode in
the particle filter model. The topography of multiple linear
regression model shows contributions from primary motor
sensory area and occipital region. For the particle filtermodel,
electrode locations at F4, Fc4, P3, P6, and TP8 are relevant for
decoding right handmovement. It can be inferred that neural

information about right handmovement is distributed across
both hemispheres and the areas contributing to decoding are
different in two decoding models.

5. Discussion

As can be seen from Figure 5, the reconstructed curves in
the 𝑋 and 𝑌 directions in the two-dimensional experiment
and the reconstructed curves in the 𝑋, 𝑌, and 𝑍 directions
in the three-dimensional experiment fit the measured curves
well, showing the validity of the multiple linear regression
model in the extraction of motion information from the
EEG. However, there are high-frequency fluctuations in the
reconstructed curves. One reason may be that the cut-off
frequency of the low-pass filter during preprocessing is too
high. As can be seen from Figure 10, the reconstructed
curve with the cut-off frequency of 4Hz has more frequent
fluctuations than the one with the cut-off frequency of 2Hz.
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(b) The results of the three-dimensional experiment

Figure 5: The measured and reconstructed hand position using the multiple linear regression model for Subject 1.
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(b) The results of the three-dimensional experiment

Figure 6: The measured and reconstructed hand positions using the particle filter model for Subject 1.

It indicates that the cut-off frequency has an impact on
the reconstructed curve. Reducing the cut-off frequency of
the low-pass filter during preprocessing, or smoothing the
reconstructed curve with a low-pass Butterworth filter, can
effectively reduce these high-frequency fluctuations. Com-
pared with the results in the two-dimensional experiment,
the decoding accuracy in the three-dimensional experiment

is low.The increased movement complexity may increase the
difficulty of decoding.

In Figure 6(a), the reconstructed curves from the five sets
of test data using the particle filter model fit the measured
curves well in the trend. However, the decoding accuracies
for Test Data 2 and Test Data 4 were relatively low, and
the corresponding Pearson correlation coefficients are small.
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This may have been caused by inattention, eye blinks, or the
movements of other parts of the body that introduced noise
in the EEG data acquisition process for Test Data 2 and Test
Data 4. The decoding accuracy for the three-dimensional
experiment is smaller than that of the two-dimensional

experiment, and Table 2 shows that the Pearson correlation
coefficients for the data of lengths 8 s and 30 s in the three-
dimensional experiment are smaller than that of the 15 s
data. The same phenomenon exists when we analyze a large
amount of data offline. Thus, the particle filter model may
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Figure 10: The decoding results using the multiple linear decoding model at different cut-off frequency of the low-pass filter.

have an optimal data length. When the data length is shorter
than the optimal data length, the number of iterations is small
and leads to a lowdecoding accuracy.However, when the data
length is longer than the optimal data length, the difference
between the training data and test data becomes bigger, which
also leads to a low decoding accuracy. Compared with the
multiple linear regression model, the reconstructed curves
from the particle filter model are smoother and have no high-
frequency fluctuations. The Pearson correlation coefficients
of the results—except Test Data 2 and Test Data 4 in the two-
dimensional experiment—are above 0.7, showing a strong
positive correlation. The reconstructed curves in the three-
dimensional experiments, except TestData 3, fit themeasured
curves well in the trend, showing the validity of the particle
filter model.

Compared with the multiple linear regression model, the
particle filter model uses less training data. Figure 11 shows
the decoding results using the multiple linear regression
model when the number of the training data sets increases
from 1 to 5. Table 5 reports the corresponding Pearson
correlation coefficients. Figure 12 shows how the Pearson
correlation coefficient changes with the number of training
data sets in the𝑋 and 𝑌 directions, respectively.

As can be seen from Figure 12, the decoding accuracy
of the multiple linear regression model in the 𝑋 and 𝑌
directions increases as the number of training data sets
increases. When the number of training data sets is small,
the decoding accuracy increases rapidly with the increase
in training data sets, and when the number of training data
sets is large, the decoding accuracy increases slowly with
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Table 5: The Pearson correlation coefficients in the𝑋 and 𝑌 directions at different number of training data sets.

The number of data sets 𝑁 = 1 𝑁 = 2 𝑁 = 3 𝑁 = 4 𝑁 = 5

𝑅
𝑋

0.751 0.7853 0.8389 0.8576 0.8733
𝑅
𝑌

0.5225 0.6488 0.7577 0.7838 0.787
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Figure 13: The two methods’ processing capacities for high-frequency components of the EEG. The reconstructed positions from multiple
linear regression model have fluctuations while the reconstructed positions from particle filter model are much smoother.

the increase in training data sets. This is because when the
number of training data sets is small, the influence of random
interference factors, such as noise, in the training data is big.
The influence of the random interference factors decreases
with the increase of training data sets, as they can cancel
each other out. As a result, a large training data set leads to a
high decoding accuracy.When training data sets increase to a
certain number, the impact of increasing the training data sets
on the improvement of decoding accuracy becomes weaker.
Thus, the decoding accuracy tends to stabilize. The decoding
results in two dimensions in Table 2 show that the particle
filter model can achieve high decoding accuracy using only
one training data set. So when the number of experimental
data is small, it is easier for the particle filter model to achieve
high decoding accuracy.

The high-frequency EEG components will cause high-
frequency fluctuations in the reconstructed curves in the
multiple linear regression model and lower its decoding
accuracy. However, the particle filter model can process the
high-frequency components of the EEG directly and use the
information in a wide range of frequencies. Both the training
data and test data are not low-pass filtered and are then used
to decode the EEG using themultiple linear regressionmodel
and particle filter model. The decoding results are shown in
Figure 13.

Figure 13 shows the two different methods’ processing
capacities for high-frequency components with the same
EEG signal as an input. In Figure 13(a), for multiple linear
regression, the Pearson correlation coefficients for the 𝑋
and 𝑌 directions are 0.7228 and 0.6927, respectively, lower
than the decoding accuracy of the results after low-pass
filtering in Table 1, and have a bad denoising ability. Only
when the EEG signal frequency is consistent with the hand-
moving frequency can a high decoding accuracy be achieved.

In experiments, the hand-moving frequency is below 2Hz;
hence, the EEG signals need to be processed by a low-pass
filter with a cut-off frequency of 2Hz. In Figure 13(b), for
the particle filter decoding results, the Pearson correlation
coefficients for the𝑋 and 𝑌 directions are 0.9044 and 0.8421,
respectively, little different from the results after low-pass
filtering in Table 2. Furthermore, it has a good effect on
the processing of the high-frequency components. This is
because the particle filter can process the high-frequency
components of EEG in its algorithm, so the low-pass filter is
not necessary. Moreover, the high-frequency components of
the EEGmay containmotion information; hence, the particle
filter model can make use of more extensive frequency
information, which may improve the decoding accuracy.

6. Conclusion

This paper used the multiple linear regression model and the
particle filter model to decode the hand motion information
in two and three dimensions from EEG signals and analyzed
the decoding results and the factors that influenced it to
compare the decoding features of the two methods and their
usability. The experimental results showed that the multiple
linear regression model needed multiple sets of training data
to train and only worked well for low-frequency decoding.
Conversely, for the particle filter model, only one set of
training data was necessary, and the model could process
EEGs containing high-frequency components, which means
a more extensive utilization of frequency information. Nev-
ertheless, the length of the EEG data affected the decoding
accuracy. With this in mind, the decoding model should be
carefully chosen in accordance with the model features and
its application scenario.
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Our future work is to research the influence of other
factors on the decoding, optimize the particle filter method
to improve its decoding accuracy, and try to perform online
decoding and manipulator control.
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Although the body weight support treadmill training (BWSTT) in rehabilitation therapy has been appreciated for a long time, the
biomechanical effects of this training on muscular system remain unclear. Ultrasonography has been suggested to be a feasible
method to measure muscle morphological changes after neurological diseases such as stroke, which may help to enhance the
understanding of themechanism underlying the impairedmotor function.This study investigated themuscle architectural changes
of tibialis anterior and medial gastrocnemius in patients after subacute stroke by ultrasound. As expected, we found the effect of
BWSTT on the muscular system. Specifically, the results showed larger pennation angle and muscle thickness of tibialis anterior
and longer fascicle length of medial gastrocnemius after the training.The findings of this study suggest that the early rehabilitation
training of BWSTT in subacute stage of stroke provides positive changes of the muscle architecture, leading to the potential
improvement of the force generation of the muscle. This may not only help us understand changes of subacute stroke in muscular
system but also have clinical implications in the evaluation of rehabilitation training after neurological insults.

1. Introduction

Stroke survivors often develop spasticity, contractures, mus-
cle weakness, and decreased range of motion, which severely
affect their activities of daily living [1, 2]. Three months
after the onset of stroke, approximately 25% of the surviv-
ing patients are still using wheelchair, and, in 50% of the
survivors, the gait velocity and endurance are considerably
reduced [3]. Therefore, restoration and improvement of gait
after stroke are major aspects of neurorehabilitation.

Body weight supported treadmill training (BWSTT) is
a type of step training with task-specific nature and partial
body weight of the subjects is held [4]. This interactive
locomotor training first came from animal experiment which
demonstrated recovery of locomotion and the spinalized
cats could regain normal gait pattern after 1 to 3 months
partial weight supported walking on treadmill [5]. Clinically,
BWSTT is proved to be a promising technique for the
restoration of gait in stroke and paralytic subjects [6–8]. It
enables the harness-secured patients to practice numerous

steps assisted by therapists at an early stage after neurological
insult [6]. Previous studies have showed that BWSTT is
more effective for the restoration of gait and improving
walking capacity by establishing symmetric and efficient gait
as compared to regular physiotherapy in people after stroke
[7, 8]. However, others reported conflicted findings that
BWSTT is not superior to the conventional gait training [9].
This discrepancy might relate to the limitation of evaluation
methods and the limited understanding of the recovery
mechanism of treadmill training.

To evaluate the effects of BWSTT, clinical tests and scales
are often used [10]. Clinical scales are relatively subjective
in the evaluation of the efficiency of different stroke reha-
bilitation programs. In addition, these evaluations do not
reveal the underlying mechanisms of those interventions
to the neuromuscular system. The motor recovery of limb
function is related to spinal locomotor pools, which include a
central pattern generator for activity of automatic, alternating
flexor, and extensor lower limb muscles. Spinal locomotor
pools are highly responsive to phasic segmental sensory
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inputs and show evidence of learning during step training
[11]. Previous results showed that BWSTT could reduce the
level of loading on the lower limbs and enable the human
lumbosacral spinal cord to modulate efferent output in a
manner that may facilitate the generation of stepping [12].
However, to our knowledge, there is still a lack of study
or evidence to investigate the biomechanical mechanism of
motor function improvement after BWSTT in the peripheral
neuromuscular system, especially from the muscle fascicle
level.

Muscle architecture, defined here as a geometrical
arrangement of fascicle, affects the muscle function [13]. In
a pinnate muscle, fascicles (bundles of fibres) are arranged
parallel and obliquely with respect to the tendon; then the
forces exerted by muscle fibers are in turn modified by this
pennation angle when they are transmitted to tendon [14].
Muscle architecture therefore characterizes and specifies the
force-generating capability of a muscle. Although MRI has
been widely accepted as a gold standard in measuring the
muscle parameters, especially cross-section area [15], it is
costly and limited in cooperation with other instruments
and in different testing conditions with muscle contraction
[16]. As a noninvasive medical imaging technology, ultra-
sonography has been applied to measure human skeletal
muscle architecture in vivo [17]. It is a feasible method
to measure pennation angle, muscle fascicle length, and
muscle thickness. Based on the normal subjects and highly-
trained bodybuilders, Kawakami et al. found a significant
correlation between muscle thickness and pennation angles
at triceps brachii [18]. Recently, ultrasonic studies have been
conducted to examine hypertonic muscles in patients with
neurologic disorders [19, 20]. Our previous study showed
that persons after chronic stroke had shorter muscle fascicle
length at brachialis compared to unaffected side [19], and
Gao and his colleagues also found smaller pennation angle
and shorter muscle fibre length in gastrocnemius of chronic
stroke survivors compared to age-matched healthy control
[20]. However, how the muscle morphology change on
persons in subacute stroke remains unclear, and how the early
stage of exercise training improves muscle function needs
investigation.

The purpose of this study was, therefore, to measure
the muscle architectural parameters of tibialis anterior and
medial gastrocnemius in patients after subacute stroke by
ultrasound and to investigate their changes after BWSTT
together with other clinical scores, muscle strength, and
walking speed to assess the effectiveness of the intervention,
which would help us understand the biomechanical mecha-
nism of the training. We hypothesize that ultrasound could
differentiate the changes after stroke and that the training
effects on motor recovery after BWSTmight be related to the
changes of muscle architecture.

2. Methods

2.1. Participants. Fifteen adults with subacute stroke (9 men,
6 women; mean, 60.5 y; age range, 51–73 y) and eight age-
matched healthy subjects (5 men, 3 women; mean, 57.0 y;
age range 41–75 y) were recruited in this study. The inclusion

criteria for the hemiparetic subjects included (1) having
hemiparesis for no more than 3 months resulting from first
stroke insult; (2) presence of clinically detectable spasticity
in the ankle dorsiflexor, with a Modified Ashworth Score
(MAS) larger than 1 (maximal value, 4); (3) a passive range
of motion in the ankle joint on the paretic side from −15∘
(dorsiflexed direction) to 45∘ (plantarflexed direction), here,
0∘ was defined as ankle in neutral position (the sole of the
foot perpendicular to the tibia); (4) adequate mental capacity
to attempt the tasks as instructed; and (5) an absence of other
significant medical complications. Table 1 shows the baseline
demographic and clinical characteristics for the people after
subacute stroke. This study was approved by the Human
Subjects Ethics Committee of The First Affiliated Hospital of
Sun Yat-sen University. All the participants gave informed
consent following the ethical procedures.

2.2. Ultrasound Measures of Muscle Parameters. The stroke
survivors were randomly assigned to conventional rehabili-
tative treatment plus BWSTT (BWSTT group, 𝑛 = 8) and
conventional treatment plus over-ground gait training only
(CGT group, 𝑛 = 7). A B-mode ultrasonography scanner
(DP6600, Mindray Inc, China) with a 7.5MHz, 38mm probe
(imaging resolution, 0.3mm; frame rate, 25/s), and a hand-
held dynamometer (MicroFET3, Hoggan Inc, UT, USA; with
the precision of 0.4N and range from 13N∼1330N)were used
in the present study.

During the experiment, the subjects were laid supine on
a checking bed and were supported with a towel roll under
ankle while hip and knee joints were in full extension [18].
During the testing for tibialis anterior (TA), the ultrasound
probe was put perpendicularly to the dermal surface of
central region of TA muscle, which is half-distance between
the malleoli and the proximal end of the tibia, over the mid-
sagittal plane [21]. For median gastrocnemius (MG) muscle,
the probe was placed on a site on the muscle 30% proximal
between the medial malleolus of the fibula and the medial
condyle of the tibia [22]. The size of the probe is 38mm
and the probe was put on the muscle belly. The position of
muscle belly was confirmed based on the contraction of the
muscle as well as the experience of the experienced physical
therapist. A marker pen was used to set the position on the
skin to localize the probe position. Coupling gel was applied
to enhance ultrasound conduction between the ultrasound
probe and skin surface. Accuracy of the ultrasoundmethod in
measuring muscle architectural features has been previously
demonstrated to show good agreement with direct anatomi-
cal measurement on cadaver [23]. The experiment consisted
of two different conditions: muscle at rest and at maximum
voluntary contraction (MVC). For each condition, ankle joint
wasmeasured ranging fromdorsiflexion 15∘ to plantar flexion
45∘ with increments of 15∘ using the hand-held dynamometer
and, for each position, three trails ofmuscle contractionswere
tested. We followed the similar procedure of our previous
study using ultrasound measurement on muscle architecture
at rest and MVC [19]. The hand-held dynamometer was held
by an experienced physical therapist and the testing position
is referenced with text book [24]. In the rest condition,
subjects were required to relax during the measurement. In
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Table 1: Baseline demographic and clinical characteristics of the patients.

Characteristics BWSTT (𝑛 = 8) Control (𝑛 = 7) 𝑃 value∗

Age (years) 61.63 (8.43) 59.29 (9.11) 0.821
Female 3 (37.5%) 3 (42.86%) 1.00
Height (cm) 165.88 (6.81) 165.71 (7.54) 0.612
Bodyweight (Kg) 60.75 (4.43) 61.14 (5.46) 0.472
Ischemic stroke 2 (25.0%) 2 (28.57) 1.00
Affected side at left 4 (50.0%) 5 (71.43%) 0.608
Days after stroke 45.25 (17.60) 58.71 (19.52) 0.644
FMA-LE 23.13 (4.29) 22.0 (4.51) 0.375
MAS 1.69 (0.26) 1.64 (0.24) 0.738
Data are presented as mean (SD) or 𝑛 (%); BWSTT: body weight support treadmill training; FMA-LE: Fugl-Meyer assessment of lower limb; MAS: Modified
Ashworth Scale.
∗Based on the independent 𝑡-test or Fisher’s exact test.

(a) (b)

(c)

Figure 1: Probe positions on themeasuredmuscles and typical ultrasound images formeasurement on (a) TA and (b)MG. (c) Demonstration
of the labels for muscle parameters. The bright fringe in the lower region of the image shows the muscle-tibia boundary. Aponeurosis (APO)
is the boundary between the superficial and deep layer of TA. SF is subcutaneous fat. 𝐿

𝑚

is the visualized part of the entire muscle fascicle
length and can be measured directly; MT

1

and MT
2

are the distance of the fiber proximal end point to the superficial aponeurosis and the
distance of the fiber distal end to the bone, respectively; 𝛼 is the pennation angle; TA1 is the superficial layer of the TA; and TA2 is the deep
layer of TA.

the MVC condition, subjects were instructed to take 1 or 2 s
to come to maximal effort and hold for 3–5 s then the muscle
strength was measured by the tester using the hand-held
dynamometer. Ultrasound images were collected simultane-
ously. All subjectswere instructed to avoid eversion-inversion
and adduction-abduction of the foot during MVC. The test

was performed three timeswith a 30 s interval to avoidmuscle
fatigue. Ultrasoundmeasurements were conducted at the first
of enrollment and last day after the 3-week training.

Probe position and typical ultrasound images of TA and
MG are shown in Figure 1. The white fringe of the tibia bone
and the dark muscle fascicle are displayed in the ultrasound
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image. Pennation angle (𝛼) was directly measured from
the image, and the entire muscle fascicle length (𝐿

𝑓
) was

estimated using a trigonometry method by assuming a linear
continuation of the muscle fascicle [19]. Consider

𝐿
𝑓
= 𝐿
𝑚
+

MT
1

sin𝛼
+

MT
2

sin𝛼
, (1)

where 𝐿
𝑓
is the entire estimated muscle fascicle length, 𝐿

𝑚

is the visible part of the muscle fiber, and 𝛼 is the pennation
angle. MT

1
and MT

2
denote the distance of the fiber distal

end point to the superficial aponeurosis and the distance of
the fiber proximal end to the bone, which is also used to
calculate muscle thickness.

2.3. Training Protocol. All the stroke survivors were treated
in 60-minute walking training sessions every weekday for
3 weeks with a total of 15 sessions. For BWSTT, the initial
BWS (body weight support) amount was set at 30%∼40%,
and the speed of the treadmill was set at 0.5mph (miles
per hour). We followed the training schedule both with the
recommendation from literature on BWSTT [4] as well as our
patients’ conditions and response being evaluated by experi-
enced physical therapist and physicians. In Hesse’s study [4],
he recommended that the initial body weight support should
be no more than 30%BW and, during therapy, treadmill
speed should be increased and body weight support reduced
as soon as possible. The training intensity at the first week
was around 20mins and increased to 40mins in the third
week, while the treadmill speed increased to around 2.0mph.
For the control group, they received over-ground walking
training of 60mins daily.

For all the recruited subjects, another two-hour therapy
program of nongait activity such as bed mobility, transfers,
strengthening, and balance training was also scheduled as
normal training at in-patient section of hospital. All physical
therapists involved in the study were trained according to
the protocol and documented participants’ daily compliance
with the protocol. In addition, the entire rehabilitation team
was educated concerning the experimental study protocol to
ensure compliance when participants were not working with
therapy staff.

3. Other Outcome Measures

Besides the ultrasound measurements, other outcome mea-
sures were the muscle strength, 10 meters walking speeds,
ModifiedAshworth Scale (MAS), and the lower limb subscale
of Fugl-Meyer assessment (FMA-LE). Assessments were
made at baseline and after the treatment by an examiner who
was blinded to the group information of the subjects.

3.1. Statistical Analysis. In this study, values for muscle
architectural parameters and muscle strength were presented
asmean± SD. SPSS (version 15.0, SPSS Inc, Chicago, IL,USA)
was used to compare the difference of outcome measure-
ments. Analysis of variance (ANOVA) with Bonferroni post
hoc test was used to evaluate the changes of the parameters
across conditions. Independent 𝑡 test was used to compare the

data of rest and MVC condition at each specific joint angle.
A paired 𝑡 test was used to compare muscle architectural
parameters, muscle strength, FMA-LE scores, and walking
speed before and after the training. Rank-sum test was
used to compare MAS scores before and after the training.
Pearson correlation analysis was conducted between muscle
architecture parameters and muscle strength. The significant
level was set as 0.05 for all statistical tests.

4. Results

The baseline measures of common demographic variables,
the lower limb subscale of Fugl-Meyer assessment, and
the Modified Ashworth Score did not significantly differ
between the BWSTgroup and control group (Table 1). Subject
disposition is detailed in the flow chart (Figure 2).

For TA muscle, it was found that the measured mus-
cle pennation angle and fascicle length were joint-angle-
dependent in all three groups at the rest and MVC condition
(Figures 3(a)–3(d)). Further comparisons between groups
found that the pennation angles and muscle thickness of
the affected side were significantly smaller (𝑃 < 0.05) than
the unaffected side and those of healthy group at both two
conditions, whereas there was no significant difference of
muscle fascicle length among the groups in rest condition.
There were no significant difference of muscle thickness (𝑃 >
0.05) between rest and MVC (Table 2). Compared to the
baseline value, pennation angle (6.15 ± 1.28∘) and muscle
thickness (1.02 ± 0.09 cm) at the affected side of BWSTT
group at rest condition significantly increased to 7.26 ± 1.62∘
(𝑃 < 0.05) and 1.09 ± 1.12 cm (𝑃 < 0.05) after the training,
while there were no significant differences in CGT group
(Table 2). A similar trend was also shown in MVC condition.
Muscle strength of dorsiflexion at affected side in BWSTT
group significantly increased from 49.04 ± 28.12N to 83.75 ±
42.72N after the training, while there were no significant
changes in the unaffected side and both two sides in CGT
group (Table 3).

For the MG muscle, pennation angle and fascicle length
were joint-angle-dependent in all three groups at the rest and
MVC condition (Figures 3(e)–3(h)). Comparison between
groups showed that the affected fascicle lengths were sig-
nificantly shorter (𝑃 < 0.05) than the unaffected side and
the healthy group. There were no significant difference of
muscle thickness (𝑃 > 0.05) between rest andMVC (Table 2).
After the training, the fascicle length of affected side (5.23
± 1.07 cm) was significantly longer than that of baseline
value (4.66 ± 1.06 cm, 𝑃 < 0.05) (Table 2). In addition, the
plantarflexors strength of affected side significantly increased
from 93.67 ± 40.94N to 115.39 ± 65.37N after the training.
However, this trend of muscle fascicle and strength was not
found in unaffected side and CGT group (𝑃 > 0.05).

The clinical scores of affected side showed the improve-
ment after the training. FMA-LE was significantly increased
(𝑃 < 0.05) and MAS was significantly decreased (𝑃 < 0.05),
while there was no significant difference in the CGT group
(Table 4). 10-meter walking test of self-selected speed showed
that the BWST has a significant increase (𝑃 < 0.05), while
there were no such changes in CGT group (Table 4).
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Enrolment

understand protocol and other significant
medical complications)

Randomization Randomized to body weight support

Follow-up

Analysis

Randomized to conventional physical

Do not want to complete the program with
mood disorders

Withdrawal from study (n = 2)
Uncontrolled blood pressure (n = 1) and
serious knee pain (n = 1), which affected
compliance with the training schedule

Analyze for primary outcome (n = 8)
Analyze for secondary outcome (n = 8)

Analyze for primary outcome (n = 7)
Analyze for secondary outcome (n = 7)

(n = 22)

therapy training (n = 7)

Excluded (n = 7)
Refused to participant (n = 3)

(n = 4, cognitive deficits to

treadmill training (n = 8)

Admitted to BWSTT program

Exclusion criteria

Withdrawal from study (n = 1)

Figure 2: The study flow chart.

5. Discussion

In this study, ultrasound measurements were conducted
on the TA and MG of subacute stroke survivors together
with muscle strength and clinical scores before and after
3 weeks BWSTT. The results demonstrated the muscular
morphological changes in larger pennation angle and muscle
thickness of tibialis anterior and longer fascicle length of
medial gastrocnemius after the training, as well as muscle
strength. This suggests that the early rehabilitation training
of BWSTT is helpful to the changes of themuscle architecture
which contributes to the potential of the force generation of
the muscle [25].

Our findings showed that the muscular architectural
parameters in the affected side and in the unaffected side
were different and were joint-angle-dependent at the rest
condition. Previous study found significant decrease in pen-
nation angle and fiber length of gastrocnemius medialis
muscle at the affected side of chronic stroke survivors [20].
The immobilization of the flexor in a shortened position
and increased muscle stiffness might cause these muscle
architectural changes. The reason of the shorted muscle
fascicle length may be due to reduction in the number of
sarcomeres in the spastic muscle fiber [26] and decrease of
the pennation angle related to muscle disuse [27]. During
muscle maximum voluntary contraction, force generated by
muscle elongates the tendon and aponeurosis, changing the
architecture of muscle; that is, pennation angle increased and
fascicle length shortened.This phenomenon is widely known
from previous studies [15, 16, 18]. The findings in our study

share agreement of the phenomenon, while fascicle length of
both TA andMG has shortened and pennation angle of them
has increased at MVC condition. Compared to unaffected
side, smaller pennation angle and fascicle length changes
were found in the affected side during isometric contraction,
and these smaller changes might be due to weakness in the
muscle after the onset of stroke. We found that there are
no significant differences of muscle thickness between rest
and MVC which supports the simple planar muscle model
[28] and previous results from Manal et al. [29]. In this
planar muscle model, it is assumed that muscle thickness
is constant in contraction condition. Therefore, our results
demonstrate that ultrasound imaging technique is feasible
to evaluate the muscle architectural changes after subacute
stroke, which could facilitate the understanding of muscle
functional recovery after intervention.

There aremany studies that had demonstrated themuscle
morphology changes after training both in athletes and
subjects with neurological insults, which are similar to the
findings of this current study. Blazevich et al. found the
muscle thickness of rector femoris enlarged from 2.08–2.4 cm
to 2.5–2.58 cm and fascicle length increased from 10.6–16 cm
to 14.7–21.6 cm in athletes after 5 weeks resistance training
[30]. Brorsson and coworkers found the cross-section area
of extensor digitorum communis increased after a six-week
hand exercise programme in patientswith rheumatoid arthri-
tis [31]. In line with these studies, increased muscle thickness
in TA and longer fascicle length in MG were also found in
subacute stroke after 3-week treadmill training, which may
demonstrate that the training could counteract the muscle
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Figure 3: Pennation angle and fascicle length of TA ((a)–(d)) and MG ((e)–(h)) in the affected side, the unaffected side of the subjects after
stroke, and the right side of healthy subjects as a function of ankle joint angle at the rest condition and MVC. The error bar represents 1
standard deviation (SD). ∗Any significant difference between the affected group and the unaffected group (𝑡 test, 𝑃 < 0.05).
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Table 2: Changes of muscle architectural parameters of TA and MG after 3-week BWSTT.

(a)

TA mean (SD) BWSTT group CGT group
Affected Unaffected Affected Unaffected

Pennation angle (∘)
Rest Before 6.15 (1.28) 7.60 (2.58) 6.47 (1.26) 6.78 (2.08)

After 7.26 (1.62)∗ 7.81 (2.07) 6.05 (0.86) 6.34 (1.55)

MVC Before 7.65 (2.20) 9.78 (2.82) 8.16 (1.49) 8.67 (1.57)
After 9.11 (1.95)∗ 10.29 (2.46) 7.94 (1.18) 8.55 (1.75)

Muscle thickness (cm)
Rest Before 1.02 (0.09) 1.14 (0.16) 0.90 (0.16) 1.05 (0.85)

After 1.09 (1.12)∗ 1.09 (0.12) 0.86 (0.11) 0.85 (0.10)

MVC Before 1.16 (0.07) 1.26 (0.17) 1.02 (0.11) 1.15 (0.16)
After 1.21 (0.11)∗ 1.22 (0.14) 1.01 (0.10) 0.93 (0.10)

Fascicle length (cm)
Rest Before 7.52 (1.90) 7.45 (2.28) 6.48 (0.87) 6.56 (1.43)

After 7.43 (1.88) 7.28 (1.79) 6.38 (1.01) 6.68 (1.44)

MVC Before 7.45 (1.80) 7.18 (2.27) 6.12 (1.25) 5.62 (1.11)
After 7.13 (2.32) 6.79 (2.04) 6.03 (1.17) 5.47 (0.84)

(b)

MG mean (SD) BWSTT group CGT group
Affected Unaffected Affected Unaffected

Pennation angle (∘)
Rest Before 18.73 (3.44) 19.74 (5.66) 20.82 (6.44) 19.35 (4.21)

After 19.32 (3.86) 21.35 (4.50) 19.05 (6.70) 22.27 (11.81)

MVC Before 26.75 (4.17) 26.12 (5.65) 27.48 (5.29) 26.16 (7.09)
After 25.57 (4.26) 30.45 (6.89) 28.69 (7.31) 26.68 (7.65)

Muscle thickness (cm)
Rest Before 1.50 (0.21) 1.60 (0.32) 1.53 (0.31) 1.65 (0.37)

After 1.61 (0.26) 1.64 (0.32) 1.58 (0.36) 1.65 (0.25)

MVC Before 1.59 (0.27) 1.67 (0.27) 1.66 (0.17) 1.69 (0.24)
After 1.63 (0.27) 1.66 (0.23) 1.65 (0.24) 1.67 (0.13)

Fascicle length (cm)
Rest Before 4.66 (1.06) 5.13 (1.17) 4.65 (0.66) 5.18 (1.12)

After 5.23 (1.07)∗ 5.15 (1.06) 4.84 (0.93) 5.10 (1.21)

MVC Before 3.76 (1.08) 3.74 (1.18) 3.74 (0.57) 3.78 (1.0)
After 4.02 (4.14)∗ 3.41 (1.04) 3.54 (0.90) 3.44 (0.73)

SD: standard deviation.

Table 3: Muscle strength comparison of dorsiflexion and plantarflexion before and after training.

(a)

Dorsiflexion (𝑁)
Mean (SD) Before After 𝑡 𝑃

BWSTT affected 49.04 (28.12) 83.75 (42.72) −4.780 0.000∗

BWSTT unaffected 142.85 (32.57) 134.57 (41.70) 0.985 0.333
CGT affected 47.08 (25.01) 55.71 (25.50) −1.928 0.069
CGT unaffected 129.45 (33.15) 122.78 (40.85) 0.687 0.503
∗

𝑃 < 0.05.
(b)

Plantarflexion (𝑁)
Mean (SD) Before After 𝑡 𝑃

BWSTT affected 93.67 (40.94) 115.39 (65.37) −2.144 0.041∗

BWSTT unaffected 188.95 (56.07) 179.78 (75.38) 0.470 0.643
CGT affected 85.48 (43.83) 96.25 (43.83) −1.348 0.193
CGT unaffected 175.20 (37.87) 173.11 (56.16) 0.202 0.842
∗

𝑃 < 0.05.
SD: standard deviation.
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Figure 4: Correlation coefficient results of pennation angle and muscle strength on TA (a) and MG (b) of the affected side of BWSTT group
after training.

Table 4: Comparison of FMA and MAS scores and 10-metre walking speeds before and after training.

Before After 𝑃

FMA
Mean (SD)

BWSTT 23.14 (4.63) 25.57 (4.69) 0.002∗

CGT 21.8 (4.49) 24.2 (2.95) 0.051
MAS
Mean (SD)

BWSTT 1.64 (0.24) 1.48 (0.59) 0.038∗

CGT 1.21 (0.24) 1.14 (0.59) 0.095
10-metre walking
speeds (m/s)

BWSTT 0.36 (0.15) 0.55 (0.20) 0.004∗

CGT 0.46 (0.21) 0.47 (0.23) 0.854
∗

𝑃 < 0.05.
SD: standard deviation.

atrophy and enlarge the muscle volume. In the current study,
the muscle strength of dorsiflexion at the affected side at
BWSTT group was significantly increased after the training
and showed better performance in walking ability (Table 4).
Furthermore, the strength of ankle dorsiflexors and ankle
plantarflexors obtained in our study (Table 3) is close to
Dorsch et al.’s results of stroke survivors (ankle dorsiflexors:
66 ± 37; ankle plantarflexors: 93 ± 53) [32]. This may
suggest that with the proper setup, hand-held dynamometry
could be applied to measure the muscle strength in patients
with neurological diseases, such as stroke. Meanwhile, our
results showed that the plantarflexors strength significantly
increased in the BWSTT group. This is in line with the
study of Brincks and Nielsen who found that instantaneous
plantarflexion power and enough work done in the push-
off phase ensure the generation of walking speed [33]. In
addition, Pradon and coworkers also demonstrated that the
muscle strength had significant positive association with
walking distance in persons after stroke [34]. These results
may indicate that it is clinically meaningful to measure
muscle architectural parameters after stroke after exercise

training, which help to evaluate the muscle performance and
motor function recovery.

In order to investigate the relationship between muscle
architectural parameters with muscle strength, correlation
analysis was performed (Figure 4). The results showed that
after the training, there is significant positive correlation
between TA pennation angle and muscle strength, and neg-
ative correlation between MG pennation angle and muscle
strength in the affected side of BWSTT group (Table 5).
The relationship between the increased pennation angle and
muscle force changes needs further discussion. It is believed
that muscle pennation angle has advantageous effects (more
muscle fibre and contractile material attached to tendon) [35]
and disadvantageous (less efficient force transmission from
muscle fibers to tendon) [23] on force generation. Therefore,
according to our results, BWSTT facilitatesmoremuscle fibre
packed in the same cross-section area which may have larger
effects than the force transfer effects to the tendon. That is
the reason why the correlation showed a positive relationship
in TA. Similarly, Kawakami and coworkers found that load
training of upper limb could increase both the pennation



BioMed Research International 9

Table 5: Correlation of muscle strength with muscle pennation angles of TA and MG before and after training.

Correlation coefficient (𝑟) 𝑃 value

TA
BWSTT Before −0.148 0.316

After 0.390 0.04∗

CGT Before −0.291 0.213
After 0.646 0.002∗

MG
BWSTT Before −0.259 0.075

After −0.586 0.001∗

CGT Before −0.141 0.552
After −0.312 0.180

∗

𝑃 < 0.05.

angle of triceps brachii and the performance of the subjects
[36]. The relation between pennation angle and force might
depend on the pennation value itself. If the pennation angle
is larger than 20∘, it has great significance on the trans-
ferred force [21]. This could explain the negative relationship
between pennation angle of MG and its muscle strength.
Further investigations with other lower limb muscles, that is,
hamstring and rector femoris, are warranted to see the effects
of pinnatemuscle architecture on themuscle force generation
ability after stroke.

There are still discussions about training intensities and
time window of applying body weight support training to
optimize the effects on the outcomes to the stroke survivors.
In this study, we applied BWSTT in a group of subacute
stroke survivors with average suffering days of 37.5, which is
in line with the concept that rehabilitation should be as early
as possible to be involved in [37]. Our results demonstrated
that after 3 weeks of BWSTT, the patients improved in
FMA-LE, MAS, and walking speed (Table 4). Our training
effects on walking speed are similar with literature [9]. For
example, Franceschini used treadmill training with body
weight support on early stage of stroke, and, after 10 sessions
of training, their data of 10-meter walking speed is 0.4m/s
(with range of 0.3∼0.6m/s). There is study showing that if
too much body weight is supported, the affected side could
not get enough stimulus from exercise training and will not
benefit the motor recovery of the lower limb function [4].
In the current study, the subject would have an initial body
weight support less than 40% which could ensure that the
two sides of the lower limb touch on the treadmill and the
subjects are safe. During the training process, the weight
support will be gradually reduced and all our subjects need
not the support in the end of the training. Previous study had
showed that the optimal speed should be similar to normal
walking speed [38]. In our study, the patients at least had a
speed of 1.3mph in the end of the training which is similar
to this finding. Although there is no huge change of vital
parameters and observation in our study which may prove
that the training is safe for subacute stroke survivors, we will
suggest measuring blood pressure and heart rate after each
training session.

There are still limitations that need to be discussed in this
study about using ultrasound to evaluatemuscle architecture.
In literature, no consensus has been achieved on the body

posture during measurement. We followed muscle testing
manual as well as the literature on the body posture and
fixation of the hand-held dynamometer on the lower limb.
Further study is warranted to evaluate the effects of body
posture and limb position on the muscle measurement.
Secondly, although the correlation of muscle strength with
muscle pennation angles of TA and MG before and after
training has significant changes in the results, the correlation
coefficient is still relatively small. This might be related to the
variation of our patients’ improvement on motor recovery
after intervention. Further studies with larger sample size or
multicenter design are needed to assess the clinical effects of
BWST onmuscle function in early treatment after stroke. For
the future applications of current study, since the individual
muscle force could not be measured with a noninvasive
way, the relationship betweenmuscle architectural changes as
measured in this study and the generated muscle force could
not be interpreted directly. Neuromusculoskeletal model has
been applied to calculate individual muscle force based on
musculotendon parameters and to predict joint movement
[39]. Forward dynamic modeling method will be applied to
calculate individual muscle force and the results could be
used to compare with joint momentmeasurement for further
evaluating the muscle function for persons after stroke.

6. Conclusions

This study showed that ultrasound measurement is a feasi-
bility method to evaluate the muscle architectural changes in
subacute stage of stroke and there are considerable changes
in tibialis anterior and medial gastrocnemius fascicle archi-
tecture, which may contribute directly to the impaired lower
limb motor functions. BWSTT can improve muscle strength,
walking speed, andmotor functions of persons with subacute
stroke and the functional changes of lower limb are related to
muscle architecture of TA and MG. Our results demonstrate
that BWSTT is a feasible and effective gait training method
for subacute stroke in an early stage.
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The ventral tegmental area (VTA) plays an important role in motivation and motor activity of mammals. Previous studies have
reported that electrical stimulations of the VTA’s neuronal projections were able to upregulate the locomotor activity of behaving
rats. However, which types of neurons in the VTA that take part in the activation remain elusive. In this paper we employed
optogenetic technique to selectively activate the excitatory neurons expressing CaMKII𝛼 in the VTA region and induced a higher
locomotor activity for free behaving rats. Further behavioral studies indicated that reward learning mediated in the enhancement
of the rat locomotor activity. Finally the immunohistochemistry studies explored that the excitatory neurons under the optogenetic
activation in VTA were partly dopaminergic that may participate as a vital role in the optogenetic activation of the locomotor
activity. In total, our study provided an optogenetic approach to selectively upregulate the locomotor activity of free behaving rats,
thus facilitating both neuroscience researches and neural engineering such as animal robotics in the future.

1. Introduction

Optogenetics comprises a set of techniques that integrate the
opsin genes into specific types of neurons to selectively probe
the neural circuits [1, 2] and has currently been introduced
into a growing number of neuroscience researches [3–6]
and neural engineering systems such as the brain-machine
interfaces [7, 8]. The optogenetic technique enables either
excitation or inhibition of selected neural populations under
the delivery of light at specific wavelengths [9, 10]. Basically
the opsin genes are able to express light-sensitive membrane
ion channels, produce ion flows, and thus induce or suppress
the action potentials in living neural populations [9]. The
channelrhodopsin-2 (ChR2), one of the opsin cation channels
[10, 11], is typically transduced into excitatory neurons [12, 13]
under the guidance of certain promoters such as the calcium-
modulin dependent kinase II type-𝛼 (CaMKII𝛼) promoters.

The specific neurons with ChR2 and CaMKII𝛼 expressions
would produce action potentials upon the delivery of blue
light at a central wavelength of 473 nm [1, 2].

In animal brains, the vast majority of the excitatory neu-
rons expressing CaMKII𝛼 are distributed in cortex areas and
hippocampus [1, 14]. For rats, the CaMKII𝛼 was also found
in deep brain regions, for example, the ventral tegmental area
(VTA) within the ventral striatum [15, 16]. The VTA com-
prises a variety of neurons located on the floor of themidbrain
that relate to the mesolimbic dopaminergic system and is
widely implicated in the natural reward circuitry of the brain
as well as drug addiction and motor activity. Particularly,
electrical stimulations of the medial forebrain bundle (MFB),
one of the neuronal projections from the VTA region, were
able to upregulate the rat locomotor activity as a part of the
rat-robot systems [17, 18]. However, the precise mechanisms
underlying such rat-robot systems remain unclear, largely due
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to the extensive and unselective effect of electrical stimulation
on all types of neurons. Actually, besides dopaminergic
neurons, the VTA also contains glutamatergic neurons [19]
that are regarded as a type of excitatory neurons expressing
CaMKII𝛼. Yet few researches have been engaged in how such
excitatory neurons take part in the VTA neuronal activities
and whether these neurons alone could influence behavioral
conditionings such as locomotor activities.

In this paper we selectively activated the excitatory
neurons in the VTA region by optogenetic transductions
of the CaMKII𝛼-ChR2-mCherry virus into the rat brain.
Both histological and electrophysiological methods verified
the robustness of the optogenetic manipulations. We found
that the optical activations on these VTA neurons were able
to induce an enhanced locomotor activity of free roam-
ing rats. Further results revealed that these VTA neurons
under optogenetic activationmay involve the reward learning
mechanisms and were partly dopaminergic, consistent with
previous reports on both structural and functional properties
of the VTA [20–24]. Taken together, our study based on
the optogenetic techniques has provided a novel method to
selectively upregulate the locomotor activity of free behaving
rats, which could be integrated into the rat-robot systems
for precise controls. Also we have further approached the
explanation of mechanisms underlying the rat-robot control
strategies, thus facilitating future work on both animal
robotics and neuroscience researches.

2. Material and Methods

2.1. Animal Subjects. Adult male Sprague-Dawley rats with
180 ± 10 g body weight were chosen from Zhejiang Academy
of Medical Sciences (Hangzhou, China). All the rats were
housed in a temperature-controlled room (23 ± 3∘C) with
access to water and mildly food-deprived to 85% of free-
feeding body weight. The rats were kept in individual cages
on a 12 h light/dark cycle (lights on at 6 am).

2.2. Surgeries

2.2.1. Optrode Implantation. The optrode array device used
in this paper was designed in our previous study [25].
The implantation of the array device was implemented by
craniotomy on the rats over four postnatal weeks. In general
the rats were anesthetized with 1.0% sodium pentobarbital,
sheared over the head, and fixed in a stereotaxic apparatus
(Stoelting Co., Ltd., USA). For each subject, the craniotomy
was centered on the brain region dorsal to the left VTA
region: −4.8mm posterior to the bregma (AP), 1.0mm
lateral to the midline (ML), and −8.0mm ventral to the
cortical surface (DV) according to the atlas of Paxinos and
Watson. A series of skull holes were drilled for placement of
four skull screws to provide mechanical support as well as
common ground references for the implanted array device.
In particular, a round craniotomy window with 1.0mm
diameterwas drilled for implanting the array device.Thedura
matter was carefully peeled away using a sterilized needle
with operations under microscopy. Then the array device,

yet without the optical fiber, was stereotaxically implanted
through the craniotomy window into the targeted brain area
exactly above the left VTA region. In addition, a ground
reference electrode from the array device was bundled firmly
on all the skull screws. Finally the craniotomy window was
filled with clinical ionized gel for protecting the inner brain
and the entire scalp area was covered up using dental acrylic.
The rats were allowed to recover for 5–7 days before use in the
viral delivery and the optical fiber implantation.

2.2.2. Viral Delivery and Fiber Implantation. The surg-
eries for viral delivery and optical fiber implantation were
implemented via the optrode array device as described
above. The rats were anesthetized with 1.0% sodium pen-
tobarbital and again stereotaxically fixed. Adenoassoci-
ated viral vector serotype 5 (AAV-5) carrying the opsin
gene of ChR2 and the gene for red fluorescent protein
(mCherry) under CaMKII type-𝛼 promoter (Figure 1(a),
AAV-CaMKII𝛼-ChR2-mCherry, ∼5 × 1012 titer, Neuron
Biotech, Shanghai, China) was delivered into the rat brain
using the microinjector (World Precision Instruments, Co.,
Ltd.) fixed on the stereotaxic apparatus. For each rat, 1.0 𝜇L
of viral vector was injected through the guide cannula of the
optrode array device into the left VTA (DV = −8.5mm).
The timing procedure of the viral injection was consistent
with [11]. The microinjector and surgical apparatus were
thoroughly sterilized after viral injection.

Upon finishing the viral delivery, an optical fiber with
one-end FC tail was stereotaxically implanted through the
guide cannula such that the fiber tip reached the dorsal edge
of the VTA region (DV = −8.0mm, 0.5mm upper than the
viral injection site) and the FC tail lay above the optrode
cannula. Finally the optical fiberwas covered up andmounted
firmly on the entire array device using dental acrylic.The rats
were kept for recovery and ChR2 expression for four weeks.

2.3. In Vivo Optical Stimulation and Electrophysiology. The
optical instruments consisted of a 500mW laser emitting
473 nm blue light (BL473T5-320FC, Shanghai Laser & Optics
Century Inc., China) and a 3-meter optical fiber jumper
with 50/125 multimodal glass optical fibers inside. The fiber
jumper was connected to the laser and coupled to the
optical fiber on the rat head by a plastic, tube-shaped FC-FC
interface adapter [25]. The laser was triggered by transistor-
transistor logic (TTL) pulses generated from a PG4000A
digital stimulator (Cygnus Technology Inc., USA). The light
power was measured by an optical power meter (LTE-1A,
Chinese Academy of Sciences, Beijing, China). Usually a light
power of 1–3mW at the end of optical fiber jumper was
approved for the following in vivo studies.

For in vivo electrophysiology, the electrical signals were
recorded from the free behaving ChR2 rats via the Omnetics
connector [25] jointed on the optrode device over the rat
head. The signals were processed by a Plexon Multichannel
Acquisition Processor (1–40 kHz rate, Plexon Inc., Dallas,
TX). Signal preprocessing, including amplifications on pro-
grammable gain and filtering (set at 150Hz–8 kHz band pass)
for spikes, was implemented using the OmniPlex Controller
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as a part of the Plexon platform. Local field potentials (LFPs)
were also recorded with band pass filtering at 10–170Hz and
digitized at 1 kHz sampling rate.

2.4. Design of Behavioral Experiments

2.4.1. Free-Roaming Tasks with Field Tracking. The optoge-
netic rats were taken a series of behavioral experiments for
free roaming in a circular fieldwith 1.2meters in diameter and
were video-tracked throughout the experiments. The free-
roaming tasks were given for 6 consecutive days. During each
day, the rats were given three individual sessions, denoted as
the nonstim, optic stim, and optic blocking sessions. For each
session, the rats were allowed for 15 minutes free behaving
to adapt the environment in the field with the optical fiber
connected on its head, followed with a 10-minute test session:
for the nonstim session, no laser stimulus was given; for the
optic stim session, the rat was given a series of laser stimuli
once every 0.6 second during the entire 10min session with
15ms pulse width, 50Hz frequency, 0.2 s duration, and a light
power at 1–3mW; yet for the optic blocking session, the same
laser stimuli were given, but the laser was blocked on its path
at the FC interface over the rat head (using a thin ceramic
chip). The rat movements were video-recorded across the
whole test session for further analyses.

The video recorded from each session was processed
for rat figure recognition using the OpenCV techniques
[26] such that the rat locations during the test session
were captured as the planar coordinate data (𝑥, 𝑦) for the
rat’s gravity center. The data were then traced and jointed
together to form a tracking map for free roaming in the field
throughout the session (by MATLAB version 6.5, Mathwork
software, USA), and the total intrasession distance of the free
roaming rat was then calculated.

2.4.2. Lever-Pressing Tasks. The lever-pressing tasks involved
two groups of rats: the optogenetic rats (𝑛 = 6) with ChR2
expression in the VTA region and the control rats (𝑛 = 6)
with microinjection of saline instead of the viral vector. The
lever-pressing tasks were conducted for 6 consecutive days
with a 30-minute test session per day for each rat. During
the test session, the rat again connected with the optical fiber
on its head was gently placed into the chamber for lever
pressing with a fixed-ratio 1 (FR1) schedule: upon one lever
press, the lever would automatically trigger the PG4000A
stimulator and the laser device to generate a 1.0-second laser
stimulus with the same pattern as in the free-roaming tasks.
A video camera was mounted on the top for video recording.
Basically, the rat pressing the lever with its forepaws was
judged as a “correct” or an “active” press; the lever pressing
or hitting by other parts of the rat body was regarded as an
“incorrect” or “passive” press. Both the numbers of correct
and incorrect lever presses were individually counted.

2.5. Histological Studies. The rats after the behavioral exper-
iments were anesthetized with a lethal dose (240mg/kg)
of sodium pentobarbital and perfused transcardially with
300mL saline at room temperature (RT) followed by 300mL

4% paraformaldehyde (PFA). The head was removed follow-
ing perfusion and embedded in 4% formaldehyde solution
for two days at 4∘C fridge. The brains were then transferred
into 30% sucrose and embedded for one day before the
frozen section.The brains were sectioned into 40𝜇m coronal
slices. The frozen brain slices were used for verification of
the recording and optical stimulating sites by observing the
different optrode traces inside the slices under a microscope.
Fluorescent images were taken to identify the distribution
of ChR2-mCherry expression in and around the left VTA
region. Two sets of traces on the brain slices, one was the
centers of viral delivery and the other was the tips of optrode
fibers, were individually measured with the assistance of the
atlas of Paxinos and Watson for neuroanatomical studies.

Immunohistochemistry was conducted with the 40𝜇m
coronal brain slices prepared in the same manner. The brain
sections were rehydrated by free-floating in the phosphate
buffer solution (PBS) for 15 minutes. Tissues were next
incubated in −20∘C pure methanol for 10 minutes.Thereafter
the brain slices were incubated with the primary antibody
(Rat antityrosine hydroxylase, Ab6211, Abcam, Cambridge,
MA, USA) at a concentration of 1 : 500 diluted with 0.1%
Triton X-100 and 4% Bovine serum albumin (BSA) in 4∘C
fridge over two days. After incubation with the primary
antibody, the brain slices were then washed with PBS for
10min × 5 times.The secondary antibodies (Alexa Fluor 488,
rabbit anti guinea pig, Invitrogen, Carlsbad, CA, USA) at a
concentration of 1 : 1000 in PBSwere employed and the tissues
were incubated for 2 hours at RT. Then the washing steps for
the primary antibodies were repeated. The brain tissues were
then carefully mounted on glass slides for later observations
with confocal microscopy. For each optogenetic rat, part of
the sections containing optrode traces was selected for detail
analyses.

2.6. Data Analysis. Data acquired from the free-roaming
studies were analyzed with two-way repeated measures
ANOVAs, while Student’s t-test was employed to compare the
average distances across 6 sessions under the nonstim, the
optic blocking, and the optic stim as well as the trained optic
stimpatterns individually, where𝑃 < 0.05 indicated statistical
differences.

For the lever-pressing tasks, numbers of lever pressing
during one 30-minute session for both optogenetic rats and
control rats were individually averaged for each day and were
mapped to time-course curves. The data of both groups for
the six days were individually compared again using t-test
with 𝑃 < 0.05 indicating statistical differences.

3. Results

3.1. Optogenetic Expression and Optical Activation of Neural
Activities in the VTA Region. For optogenetic transductions,
the AAV-type-5 viral vectors carrying CaMKII𝛼-ChR2-
mCherry (see Figure 1(a)) were injected into the VTA region
of the rat brains. Figures 1(c) and 1(d) provided typical
views of the histological data, which revealed a high density
of ChR2-mCherry expressions in the targeted VTA region
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(VTAR and PBP) with normal cell morphologies. The center
of the opsin expressions (red dots in Figure 1(b)) and the
location of the optical fiber end (blue dots in Figure 1(b))
of each rat were presented on the brain slices as shown in
Figure 1(b). The assembles of trace labels revealed that the
ChR2 optogenetic expressions were precisely located in the
VTA region with the optrode fiber tip ∼0.5mm above for
most of the rats, appropriate for light penetrating on the brain
regions with opsin expressions.

The neuronal activities of the VTA neurons during
optical stimulations were electrically recorded in vivo via the
implanted optrode array devices. Figures 1(e) and 1(f) showed
the spike firing activities and local field potentials recorded
from multiple channels in the VTA region, respectively. The
laser bars displayed in both Figures 1(e) and 1(f) indicated
473 nm laser delivery with the same stimulating pattern as
in the free-roaming tasks (see Section 2.4.1). It was observed
that a 1.0-second laser stimulus induced a significant increase
in spike firing activities reflected in most channels (13 out of
16) from the array device, and after the end of laser stimulus
the spike activity fell to the basic level. Similar results were
observed in LFP changes where the field potentials exhibited
a higher magnitude during the 1.0 s laser stimulus. Both
results indicated that the in vivo optical stimulations on the
optogenetic neurons enabled an increased neuronal activity
in the VTA region.

3.2. The Optogenetic Rats Exhibited an Increased Locomotor
Activity upon Light Stimulation during Free-Roaming Tasks.
The optogenetic rats were performed with free-roaming
behavioral tasks to illustrate the influence of optical stimula-
tion on their locomotor activities. Two typical tracking maps
of the rat in-field roaming during a nonstim and an optic
stim session, respectively, were shown in Figures 2(a) and
2(b). Normally in the nonstim session the rat would exhibit a
short-term roaming for exploration and then stay still against
the edge wall for the rest of the session. While, in the optic
stim session, the rat exhibited a more intense and long-term
free roaming that it would travel more laps along the circular
field. Also it was observed that during the optic stim session
the rats took far more approaches into the center region of
the field which is considered as an open field where normal
rats seldom stay [27]. The time courses of the intrasession
distances revealed statistical differences between optic stim
and nonstim sessions for most days of free-roaming tasks (see
Figure 2(d)). The bar plot of average intrasession distances
across the six task days further indicated that the rats during
optic stim sessions ran a significantly higher distance over
nonstim sessions (see Figure 2(e)). The above data suggested
that the rats under the optogenetic stimulation in VTA were
able to exhibit a higher locomotor activity in the free-roaming
tasks.

Although the rats had shown an increased locomo-
tor activity in the above tasks, one might doubt that the
“light leakage” during laser stimulations would influence
on the behaving rats by light flashings over the rat eyes.
An alternative series of free-roaming sessions with the laser
blocked at the FC interface over the rat head (denoted

optic blocking) was designed to eliminate the “light leakage”
influences. Figure 2(c) displayed the tracking map from a
typical optic blocking session. Compared with Figure 2(a)
from the nonstim session, little change was observed either
on traveling laps or on approaches into the center field.
The time courses of optic blocking sessions versus nonstim
sessions revealed no statistical differences for the task days
(see Figure 2(d)), and nor did the average bar plot show
differences (see Figure 2(e)). Interestingly, it was observed
from the plots that the optic blocking sessions held a slightly
higher locomotion than the nonstim ones, yet with no
statistical changes.This phenomenon was probably related to
certain baseline properties of the rats’ behavioral conditions,
such as the curiosity to or being frightened with the frequent
light flashings that we usually observed at the beginning of
the free-roaming tasks. In general the data above suggested
that simple light flashing over the rat eyes had no significant
influences on the locomotor activity of the free behaving
optogenetic rats. Totally, the behavioral data of free-roaming
studies shown in Figure 2 supported our hypothesis that
optogenetic activation of the excitatory neurons expressing
CaMKII𝛼 in the VTA has positive reinforcement properties
on the locomotor activity of free behaving rats.

3.3. Optogenetic Rats Achieved Better Performances in Lever-
Pressing Tasks That Involves Reward Learning. The underly-
ing mechanisms of the optogenetic activation in the free-
roaming tasks were probably depending on the reinforc-
ing properties of VTA in the process of reward learning.
Thereby we hypothesized that the optogenetic excitation
of the VTA neurons expressing CaMKII𝛼 played a role of
“virtual reward” that could induce reward seeking behaviors.
For further investigation we conducted a set of lever-pressing
tasks with optical self-stimulation in the VTA region for
both optogenetic rats and controls as mentioned in Section
2.4.1. The data plotted in Figures 3(a) and 3(b) showed that
the total intrasession lever presses of optogenetic rats were
significantly higher than those of controls in most sessions.
Also we note that the time course of optogenetic rats revealed
an ascending tendency over the sessions. Besides, the plots of
“correct rate” indicating the percentage of active lever presses
during each session (see Figures 3(c) and 3(d)) showed that
the optogenetic rats held a significantly higher correct rate
than the controls for most sessions. Likewise, the time course
of optogenetic rats in Figure 3(c) revealed an ascending
tendency, whereas the course of controls appeared random
with no tendency at all. In total, the data of lever-pressing
tasks indicated that the optogenetic rats tend to make far
more lever presses than the controls for obtaining the optical
stimulation. Since the lever-pressing study is considered as a
typical test for validation of reward learning, the results from
the above data provided evidence to our hypothesis that the
optogenetic activation of the excitatory neurons expressing
CaMKII𝛼 in VTA played a role of virtual reward that led to a
positive effect on the reward learning processes.

Besides the learning of lever pressing, the learning of
free roaming for obtaining the optical “reward” was also
behaviorally conditioned on the optogenetic rats in this study.
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Figure 2: Data of the free-roaming tasks between the nonstim, optic stim, and optic blocking sessions. ((a)–(c)) Field tracking maps typically
for the nonstim, the optic stim, and the optic blocking session, respectively. (d) Time courses of the intrasession distances for the above three
sessions (see the figure legends). The error bar in each session dot represents the standard deviation of all the rats for the session (𝑛 = 6 for
each session dot). Single asteroids represent statistical differences between the session dots of optic stim and nonstim, whereas double asteroids
represent significant differences between them. (e) The results from the time course (d) were averaged and then bar-plotted over the three
sessions. Double asteroids represent a significant difference compared to the results of nonstim sessions.

The procedures of training were basically the same with
previous free-roaming tasks except that the laser stimulations
were given manually once the rat started roaming. After six
days of training, we repeated the free-roaming tasks on these
trained rats over both optic stim (or the trained stim) and
nonstim sessions. From the tracking maps (Figures 4(a) and
4(b)) a far more intense roaming in the trained stim session
than the nonstim one appeared. Moreover, the time course of
the trained stim sessions displayed a significant higher level
over the nonstim one (see Figure 4(c)). Besides, a clear view
of ascending tendency was observed from the trained stim
course, which probably indicated the enhancement of reward
learning processes of the rats. Both bar plots (Figures 4(d) and
4(e)) revealed that the average intrasession locomotion in the
trained stim sessions was significantly higher than the non-
stim ones and appeared the greatest among all the four types
of sessions (nonstim, optic blocking, optic stim, and trained
stim). Remarkably, the results of the trained stim sessionswere
statistically higher than those of the optic stim sessions before

training, consistent with the properties of reward learning
behaviors. Taken together, the above results suggested that
reward learning took part in the mechanism underlying the
optogenetic activation of the neurons expressing CaMKII𝛼
in the VTA of behaving rats and that by the reinforcement
of reward learning, better performances on the rat locomotor
activity were likely to be achieved.

3.4. The VTA Neurons under the Optogenetic Activation Were
Partly Dopaminergic. In the above experiments we employed
optogenetic manipulations on the excitatory neurons in
the rat VTA region and conditioned a higher locomotor
activity of free behaving rats based on the mechanism of
reward learning. It is usually considered that dopaminergic
(DA) neurons in the ventral striatum mediate in the reward
learning mechanisms. Thus we investigated whether the DA
neurons in VTA were selectively activated by the optogenetic
manipulations in our study. The immunohistochemistry
studies were employed to assess the locations of both the cell
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Figure 3: Data of the lever-pressing tasks for both optogenetic rats (denoted “opto rats”) and control rats. (a) Time courses of the total lever
presses intrasession for opto rats and control rats individually (see the figure legends). (b)The total lever presses from (a) were averaged across
all the six sessions and bar-plotted. (c)The correct rates, indicating the percentages of active lever presses within single sessions, were plotted
as time courses for opto rats and control rats (see the figure legends). (d) Bar plot of the correct rates calculated from a total collection of
lever-pressing data. For all the subfigures, the error bars in session dots or in bars represent the standard deviation of all the rats undertaking
the session (𝑛 = 6 for each session dot or bar). Single asteroids represent statistical differences between the opto rats and controls, whereas
double asteroids represent significant differences between them.

bodies labeling tyrosine hydroxylase- (TH-) GFP, a marker
for DA neurons, and the cell bodies expressing CaMKII𝛼-
mCherry by optogenetic transduction in the VTA region.
Figure 5 displayed a typical set of the results. Figures 5(a)–
5(c) revealed that both the expressions of CaMKII𝛼-mCherry
and TH-GFP were distributed in relative narrow area that
contains the VTA. It was observed that the TH positive neu-
rons appeared a higher density than the neurons expressing
CaMKII𝛼, consistent with previous reports that DA neurons
held a predominant percentage in VTA [22]. Both the
expressions of CaMKII𝛼-mCherry and TH-GFPwere ranged
over the VTA region. Figures 5(d)–5(f) revealed that most
TH positive neurons and CaMKII𝛼 positive neurons differed
in cell morphologies. However, despite the fact that most

TH positive neurons do not express CaMKII𝛼, and many
CaMKII𝛼 positive ones do not contain TH [19], there existed
a substantial number of neurons expressing both CaMKII
and TH (see Figure 5(f) and white arrows in Figure 5(i)).
The immunohistochemistry data above indicated that part of
the VTA neurons expressing CaMKII𝛼 corelease TH, thus
exhibiting a dopaminergic property. These “dopaminergic”
neurons appeared to take only a small percentage of the vast
DA neurons within the VTA region.

4. Discussion

In this study we employed in vivo optogenetic transduction
on the excitatory neurons in the brain region of VTA for
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Figure 4: Data of free-roaming tasks combined with the trained stim sessions. (a and b) Field tracking maps of the nonstim and the trained
stim session, respectively. Data and figures were acquired in the samemanner as in Figure 2. (c) Time courses of the intrasession distances for
both the trained stim and the nonstim sessions (see the figure legends).The error bar in each session dot represents the standard deviation of all
the rats for the session (𝑛 = 6 for each session dot). Double asteroids represent significant differences between the session dots of trained stim
and nonstim. (d)The intrasession distances were averaged from (c) and were bar-plotted over the trained stim and the no-stim sessions, where
double asteroids represent a significant difference between them. (e)The bar plot of the average intrasession distances for all the four types of
free-roaming sessions, the nonstim, the optic blocking, the optic stim, and the trained stim. Double asteroids represent significant differences
compared to the nonstim data, while the sharp represents a statistical difference between the optic stim and the trained stim sessions.

adult rats by viral delivery of the AAV vector carrying ChR2
opsin genes. Our findings on the free-roaming tasks demon-
strated that the optogenetic rats with ChR2 expression in the
excitatory neurons expressing CaMKII𝛼 in VTA behaved at
an increased locomotor activity upon 473 nm light activation
while freely roaming in the circular field. This phenomenon
was not likely owing to simple “light leak” effects with the blue
light emitting over the rat eyes.

Further results on the lever-pressing tasks revealed that
reward learning was mediating in the mechanisms under-
lying the CaMKII optogenetic activation in VTA in the
above studies. These findings were consistent with previous

reports that the activation of VTA neurons was able to induce
reward learning behaviors for receiving the intracranial self-
stimulations (ICSSs) [28]. Remarkably, in previous studies
the highly frequent lever-pressing behaviors were typically
induced by electrical stimulations, during which all the neu-
ral populations within the VTA were activated compulsively,
making it unclear whether any type of subpopulations was
involved in the reward learning behaviors. In this paper,
however, we specifically activated the excitatory neurons
expressing CaMKII𝛼 in the VTA by optogenetic manipu-
lations and induced similar lever-pressing behaviors of the
rats. These results indicated that these excitatory neurons
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Figure 5: Immunochemistry results from the VTA region of brain slices from the optogenetic rats. All the subfigures were photographed
under confocal microscopy and processed using the FV1000 software (Olympus Inc., Japan).The red channels represent CaMKII𝛼-mCherry
expressions and the green channels represent TH expressions, whereas the right column (Figures 5(c), 5(f), and 5(i)) indicates the merged
two channels. ((a)–(c)) A typical view of the CaMKII𝛼-mCherry and TH-GFP expressions under 10x microscopy. ((d)–(f)) A selected VTA
region observed under 40x microscopy where the CaMKII𝛼 and TH expressions overlapped. ((g)–(i)) A region of interest (ROI) from the
rectangular window shown in ((d)–(f)).Thewhite arrows in (i) point out the several neuronal cell bodiesmergedwith red and green channels,
indicating that these neurons coexpress CaMKII𝛼 and TH.

expressing CaMKII𝛼 were probably a key population in the
VTA that played a vital role in the conditioning of reward
learning as in the lever-pressing tasks. Moreover, we repeated
the free-roaming tasks on the optogenetic rats after a short-
term training where light stimuli were given, while the rat
was roaming forward, and observed that the rats performed
a higher locomotor activity than before.These results further

indicated that the reinforcement of reward learning placed a
positive effect on the results of free-roaming tasks.

The immunohistochemistry further explored the nature
of the excitatory neurons expressing CaMKII𝛼 in VTA under
the optogenetic manipulation.The results revealed that those
neurons expressing CaMKII𝛼 were partly collocated with
dopaminergic neurons at the VTA region. The “collocated
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neurons” took only a small percentage of the VTA DA
neurons, but they were observed in an appropriate area where
light stimulations were reachable, which suggested that these
neurons coexpressing CaMKII𝛼 and DAwere activated upon
light stimulations and probably took an active part in the
behavioral conditionings in this study. Since the expressions
of CaMKII𝛼werewidely implicated in glutamatergic neurons
[1], those “collocated neurons” were likely to be neurons
that corelease DA and glutamine in nature, consistent with
previous reports that there exist a substantial area of exci-
tatory neurons in the VTA region that corelease dopamine
and glutamine and contribute to the functioning of reward
learning and related behavioral conditionings [29, 30].

However, it was suggested from the immunohistochem-
istry results that there existed an alternative type of neurons
that expresses CaMKII𝛼 but does not express TH. These
neurons differed in cell morphology from the dopaminergic
neurons and exhibited an expression of CaMKII𝛼-mCherry.
Based on the results above, it is inferred that those non-
dopaminergic neurons were probably simple glutamatergic
neurons, consistent with previous reports that glutamatergic
neurons were present in the VTA [19, 31]. According to
previous reports, the exists a type of glutamatergic neurons
in the VTA region that release VGluT2 but do not release
dopamine, and they exhibit different electrophysiological
properties and neuronal projections apart from theVTAneu-
rons coexpressing glutamine and dopamine [32]. Moreover,
these nondopaminergic neurons expressing CaMKII𝛼 were
also located in VTA within the region of light activation,
which indicated that these neurons were likely to take part in
the optogenetic activations as well. Combined together, the
excitatory neurons expressing CaMKII𝛼 in the VTA under
optogenetic activations were composed of different types of
neuronal subpopulation: one is the dopaminergic neurons
that may corelease glutamine, and the other neurons were
probably purely glutamatergic. Both types of neurons were
likely to play vital roles in the behavioral conditionings as we
conducted in this paper.

In conclusion, we employed optogenetic manipulations
for free behaving animals based on viral transduction of
ChR2 in the brain region of VTA and behavioral condi-
tionings on reward learning. The results demonstrated that
optogenetic activations of the excitatory neurons expressing
CaMKII𝛼 in the VTA were able to upregulate the locomotor
activity of free behaving rats and that by reinforcement of
the reward learning behaviors the rats’ locomotor activities
were getting even enhanced. Further immunohistochemistry
results revealed the nature of these VTA neurons expressing
CaMKII𝛼, which were partly dopaminergic that may play
a vital role in the above behavioral conditionings. Future
work may include further investigations on the nature of
these neurons under the optogenetic activation in this study,
such as the relationships between the neurons expressing
CaMKII𝛼 and glutamatergic neurons in the VTA. Moreover,
this study has provided a novel method to upregulate the
locomotor activity by inducing the reward seeking behavior
and by reward learning the “reward-motion” connectivity
had gotten enhanced for the optogenetic rats, thus indicating

further applications in the field of neural engineering such as
animal robotics for precise control of animal behaviors.
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