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Neurorehabilitation has been identified as a grand challenge
for the coming decades, mainly due to the fast-growing pop-
ulation with neurological disorders (e.g., stroke, Alzheimer’s,
and Parkinson’s). Efficient, quantitative, and automated
rehabilitation services are in urgent need to release the
increasing demands for long-term medical treatments and
healthcare and to compensate the lack of manpower in
rehabilitation professionals. Neural engineering is an active
research area, where engineering technologies, such as
robots, imaging, biosignal processing, and sensors, have con-
tributed to diagnosis, treatment, and long-term evaluation in
rehabilitation processes. Advances in neural engineering
techniques, from the fundamental research in laboratories
to clinical trials, will definitely promote the automated and
personalized rehabilitation in the future. There are ten arti-
cles collected in this special issue, featuring the cutting-edge
representatives in the area of neural engineering.

A robot has been an important assistant to a human ther-
apist in physical rehabilitation. The review articles, “Hand
Rehabilitation Robotics on Poststroke Motor Recovery” by
Z. Yue et al. and “Robotics in Lower-Limb Rehabilitation
after Stroke” by X. Zhang et al., pointed out the therapeutic
difficulties encountered in the traditional poststroke rehabil-
itation, that is, the recovery in distal joints and the restoration
on walking independency. The papers summarized the latest
developments in the robotic design and discussed the possi-
ble solutions to improve the performance of the current
robots. In the article “Effects of Robot-Assisted Training for
the Unaffected Arm in Patients with Hemiparetic Cerebral

Palsy: A Proof-of-Concept Pilot Study” by A. Picelli et al.,
the positive rehabilitation effectiveness by practicing the
unaffected upper limb with the assistance of robot has been
validated, and the results demonstrated the improvements
in hand functions and action planning ability in the recruited
subjects. Rehabilitation robot was also applied in the study
“The Effect of Dopaminergic Medication on Joint Kinematics
during Haptic Movements in Individuals with Parkinson’s
Disease” by K. Li et al. The haptic sensitivity in individuals
with Parkinson’s disease, who received dopamine replace-
ment therapy, was quantitatively evaluated in a robot-
assisted haptic exploration.

Neural signal processing is a technology to understand
the language talking in the nervous system. The neural signal
of the brain detected by electroencephalography (EEG) was
adopted as a biofeedback in the treatment for schizophrenia,
as presented in “An Exploratory Study of Intensive Neuro-
feedback Training for Schizophrenia” by W. Nan et al. The
study demonstrated the effectiveness of a short but intensive
neurofeedback treatment for the patients with difficulty in
long-time training and provided new insight into the treat-
ment of schizophrenia. The neural signal of the brain was
also investigated by electrocorticography (ECoG) in persons
with epilepsy in the study “Gesture Decoding Using ECoG
Signals from Human Sensorimotor Cortex: A Pilot Study”
by Y. Li et al. The ECoG signals were used in a brain-
machine interfacing (BMI) system to recognize different
hand gestures performed by the subjects with an online accu-
racy above 80%. In the study “Prior Knowledge of Target

Hindawi
Behavioural Neurology
Volume 2017, Article ID 9240921, 2 pages
https://doi.org/10.1155/2017/9240921

https://doi.org/10.1155/2017/9240921


Direction and Intended Movement Selection Improves Indi-
rect Reaching Movement Decoding” by H. Li et al., the neural
signals with higher resolutions than EEG and ECoG were
captured by implanted microarrays at the cortical level in
monkeys, and the neural signals were applied in the predic-
tion of hand trajectories.

Quantitative evaluation plays an important role in diag-
nosis and long-term follow-up for rehabilitation. The imag-
ing techniques of functional magnetic resonance imaging
(fMRI) have been employed in the studies “The Difference
of Neural Networks between Bimanual Antiphase and In-
Phase Upper Limb Movements: A Preliminary Functional
Magnetic Resonance Imaging Study” by Q. Lin et al. and
“Cerebral Reorganization in Subacute Stroke Survivors after
Virtual Reality-Based Training: A Preliminary Study” by X.
Xiao et al. In Q. Lin et al.’s work, the effects of different
bimanual practices in the upper limbs on the intra- and inter-
regional connectivity in the brain were investigated in unim-
paired subjects, and the results revealed the behavioral
modulation on the cerebellar-cerebral functional connectiv-
ity. In X. Xiao et al.’s work, fMRI imaging was applied in
the evaluation on the poststroke rehabilitation program by
virtual reality-enhanced treadmill training. The neural
reconstruction in the primary sensorimotor cortex after the
training could be determined with the imaging quantifica-
tion. In the study “Characterizing Patients with Unilateral
Vestibular Hypofunction Using Kinematic Variability and
Local Dynamic Stability during Treadmill Walking” by P.
Liu et al., the asymmetry and instability during the gait of
the patients were evaluated by three-dimensional motion
analysis. The severity of vestibular functional asymmetry
could be quantified by the parameters of the motion analysis
on the lower limbs, which could be complementary to the
traditional assessments.

We hope that this special issue of Behavioral Neurology
will help to promote further developments in neural engi-
neering and neurorehabilitation. In addition to reducing suf-
fering and improving the quality of life, neurorehabilitation
when combined with novel engineering methods has the
potential to advance our knowledge about the mechanisms
of the nervous system.
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Abstract. The recovery of hand function is one of the most challenging topics in stroke rehabilitation. Although the robot-assisted
therapy has got some good results in the latest decades, the development of hand rehabilitation robotics is left behind. Existing
reviews of hand rehabilitation robotics focus either on the mechanical design on designers’ view or on the training paradigms on
the clinicians’ view, while these two parts are interconnected and both important for designers and clinicians. In this review, we
explore the current literature surrounding hand rehabilitation robots, to help designers make better choices among varied
components and thus promoting the application of hand rehabilitation robots. An overview of hand rehabilitation robotics is
provided in this paper firstly, to give a general view of the relationship between subjects, rehabilitation theories, hand
rehabilitation robots, and its evaluation. Secondly, the state of the art hand rehabilitation robotics is introduced in details
according to the classification of the hardware system and the training paradigm. As a result, the discussion gives available
arguments behind the classification and comprehensive overview of hand rehabilitation robotics.

1. Background

Stroke, caused by death of brain cells as a result of blockage of
a blood vessel supplying the brain (ischemic stroke) or bleed-
ing into or around the brain (hemorrhagic stroke), is a
serious medical emergency [1]. Stroke can result in death or
substantial neural damage and is a principal contributor to
long-term disabilities [1, 2]. According to the World Health
Organization estimates, 15 million people suffer stroke
worldwide each year [3]. Although technology advances in
health care, the incidence of stroke is expected to rise over
the next decades [4]. The expense on both caring and rehabil-
itation is enormous which reaches $34 billion per year in the
US [5]. More than half of stroke survivors experience some
level of lasting hemiparesis or hemiplegia resulting from the
damage to neural tissues. These patients are not able to per-
form daily activities independently and thus have to rely on
human assistance for basic activities of daily living (ADL) like
feeding, self-care, and mobility [6].

The human hands are very complex and versatile.
Researches show that the relationship between the distal
upper limb (i.e., hand) function and the ability to perform
ADL is stronger than the other limbs [7–9]. The deficit in

hand function would seriously impact the quality of patients’
life, which means more demand is needed on the hand motor
recovery. However, although most patients get reasonable
motor recovery of proximal upper extremity according to
relevant research findings, recovery at distal upper extremity
has been limited due to low effectivity [10]. There are two
main reasons for challenges facing the recovery of the hand.
First, in movement, the hand has more than 20 degree of
freedom (DOF) which makes it flexible, thus being difficult
for therapist or training devices to meet the needs of satiety
and varied movements [11]. Second, in function, the area of
cortex in correspondence with the hand is much larger than
the other motor cortex, which means a considerable amount
of flexibility in generating a variety of hand postures and in
the control of the individual joints of the hand. However, to
date, most researches have focused on the contrary, lacking
of individuation in finger movements [12, 13]. Better rehabil-
itation therapies are desperately needed.

Robot-assisted therapy for poststroke rehabilitation is a
new kind of physical therapy, through which patients prac-
tice their paretic limb by resorting to or resisting the force
offered by the robots [14]. For example, the MIT-Manus
robot uses the massed training approach by practicing
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reaching movements to train the upper limbs [15]; the
Mirror Image Movement Enabler (MIME) uses the bilateral
training approach to train the paretic limb while reducing
abnormal synergies [16]. Robot-assisted therapy has been
greatly developed over the past three decades with the
advances in robotic technology such as the exoskeleton and
bioengineering, which has become a significant supplement
to traditional physical therapy [17, 18]. For example, com-
pared with the therapist exhausted in training patients
with manual labor, the hand exoskeleton designed by
Wege et al. can move the fingers of patients dexterously
and repeatedly [19, 20]. Besides, some robots can also be
controlled by a patient’s own intention extracted from
biosignals such as electromyography (EMG) and electroen-
cephalograph (EEG) signals [21, 22]. These make it possi-
ble to form a closed-loop rehabilitation system with the
robotic technology, which cannot be achieved by any
conventional rehabilitation therapy [23].

Existing reviews of hand rehabilitation robotics on post-
stroke motor recovery are insufficient, for most studies
research on the application of robot-assisted therapy on
other limbs instead of the hand [23]. Furthermore, current
reviews focus on either the hardware design of the robots
or the application of specific training paradigms [23, 24],
while both of them are indispensable to an efficient hand
rehabilitation robot. The hardware systemmakes the founda-
tion of the robots’ function, while the training paradigm
serves as the real functional parts in the motor recovery that
decides the effect of rehabilitation training. These two parts
are closely related to each other.

This paper focuses on the application of robot-assisted
therapy on hand rehabilitation, giving an overview of hand
rehabilitation robotics from the hardware systems to the
training paradigms in current designs, for a comprehensive
understanding is pretty meaningful to the development of
an effective rehabilitation robotic system. The second section
provides a general view of the robots in the entire rehabilita-
tion robotic system. Then, the third section sums up and clas-
sifies hardware systems and the training paradigms in several
crucial aspects on the author’s view. Last, the state of the art
hand rehabilitation robotics is discussed and possible direc-
tion of future robotics in hand rehabilitation is predicted.

2. An Overview of Hand Rehabilitation Robotics

2.1. Overview. Robot-assisted poststroke therapy for the
upper extremity dates back to the 1990s [17]. It has been
greatly developed over the past decades with the progress in
robotic technology and has been a significant supplement
to traditional physical therapy. The hand rehabilitation
robots were first designed to do heavy labor work as a better
replacement for human therapists. These early robots focus
on the design of structure, actuator, method of control, and
so forth to achieve a robotic hand that is more adaptive to
the motion characteristics of bones and joints and meets
the needs of rehabilitation more effectively [25].

Now, the hand rehabilitation robotics has been greatly
developed with the rapid development of neurosciences and
clinic knowledge, which makes the design of hand

rehabilitation robotics for poststroke rehabilitation become
more complex for involving multidisciplinary knowledge
such as anatomy, neurosciences, cognitive and learning sci-
ence, and rich experience in the clinic [23, 26–28]. Apart
from the robots themselves, knowledge of stroke patients’
differences, rehabilitation theories, and the evaluation are
all essential for the design of an effective hand rehabilitation
robot. Here, a summary of this core content of hand rehabil-
itation robotics in rehabilitation is made to give the
researchers an overview of hand rehabilitation robotics. The
contents are displayed in Figure 1.

2.1.1. Subject Differences. Motor impairment of stroke
patients differs from person to person, and states and condi-
tions vary in the course of recovery. Factors such as types of
muscle state (e.g., atony or hypermyotonia), phases of stroke
(chronic, acute, or subacute), and levels of stroke (from mild
to severe stroke) should all be taken into consideration for
individualized treatment [29]. For example, patients with
atony cannot use the assistive robots that require residual
motion ability or too many sets of force training which may
cause the abnormal motion modalities. The benefits of using
the hand rehabilitation robotics are that the robotic technol-
ogy can be used to quantify and track motor behaviors or
biosignals for individual patients, thus the rehabilitation
robotics can represent the sophisticated method existing
today for precisely driving therapeutic engagement and
measuring precise outcomes [30]. Lacking consideration of
the difference between subjects may greatly decrease the
efficacy of robot-assisted therapy.

2.1.2. Theories for Rehabilitation. Although current theories
underlying the motor recovery are insufficient, a few of exist-
ing rehabilitation theories are still instructive and significant
for the application of robot-assisted therapy. Three main
popular directions are the theories of neurophysiology, neu-
rodevelopment, and motor learning. The neurophysiology
mechanism, such as the plasticity and compensatory func-
tion, is the theoretical basis of the poststroke motor recovery
[14]. The neurodevelopmental treatment (NDT), or the
Bobath concept, which mostly formed from clinical experi-
ence, focuses on normalizing muscle tone and movement
patterns in order to improve recovery of the hemiparetic side
and inspire training strategies such as continuous passive
motion [31] and constraint-induced therapy [14, 32]. The
learning theories, such as the Hebbian learning or motor
relearning which instructed many strategies including the
goal-oriented training, active training with all kinds of feed-
backs, are the current trend in hand rehabilitation robotics
[33–37]. Although there is not much specific convincing evi-
dence for these strategies, many applications in cooperation
with the robotic hand have been practically used in rehabili-
tation and have achieved some good results. Deeper
researches on the better application of these rehabilitation
theories would be the foundation of future design of RHH.

2.1.3. Application of Hand Rehabilitation Robotics. The appli-
cation of hand rehabilitation robotics is to achieve effective
rehabilitation by making a serial of decisions on the
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designing of both hardware system and the training
paradigm [14, 23, 26]. For designs that focus on the hardware
system, they solve problems such as the safety issues of
mechanism and the portability or flexibility of devices. For
example, Wege et al. adopt an across joint linkage structure
to solve the joint coordination problem [19, 20], while a fin-
ger can be flexibly controlled with four degrees of freedom. In
et al. design an underactuation jointless exoskeleton that can
be safe in motion and light in weight [38]. For designs that
focus on the paradigm, they deal with the interaction
between human and robot to promote motor relearning.
For example, Ueki et al. and Sarakoglou et al. develop a
system that provides the feedback of real-time state in virtual
reality (VR) scene, to enrich the perception of motion in
training [39, 40]; Sarakoglou et al., Hu et al., and Ramos
et al. study the hand rehabilitation robot, respectively, con-
trolled by patients’ own force signal, EMG signal, and EEG
signal, to generate patient participation in training [40–42].
For a hand rehabilitation robot system, hardware system
and the training paradigm are both essential and dependent
to each other. Detailed classification and introduction about
these two parts in the application of hand rehabilitation
robots would be discussed in the next section.

2.1.4. Evaluation of Treatments. The evaluation of rehabilita-
tion robotics reflects the recovery effects of human functions,
which make it imperative for a complete design. There are
varied ways on evaluating the robots in current researches,
including the performance on improving range of motion
(ROM) of joints, the velocity of motion, the force exerting
to hands, and the executing of functional tasks. A set of
classic clinical scales is also used to evaluate the design by
measuring the recovery of stroke patients. The most fre-
quently used scales include the Arm Research Assessment
Test (ARAT), Fugl-Meyer Assessment (FMA), and Motor
Activity Log (MAL) [43]. It should be focused on the

evaluation of rehabilitation robotics that is different from tra-
ditional robots, because of the special clinical applications. To
the validation before clinical use, a therapy has to follow the
principle of evidence-based medicine (EBM), which indicates
that many results of current research are collected to demon-
strate the usefulness [44]. For example, a surprising finding
from the results of independent researches shows the useful-
ness of current hand rehabilitation robots while a research
under the principle of EBM gives weak demonstration for
the usefulness [45]. It might be explained by the small sample
sizes and low quality of the experiment that limits the
supportive evidence in the current research of hand rehabili-
tation robotics [46]. That shows the reason why the validation
of robots, especially the designing of more standard random-
ized controlled trials (RCTs) with large-scale samples and
high quality, is so imperative for rehabilitation robotics.

2.2. Requirements. The requirement of hand rehabilitation
robotics is not the same as the traditional design of robots,
because it involves humans. Some special matters like med-
ical principles and applications in clinic need to be paid
attention to, for example, the safety and the availability of
hand rehabilitation robots. Although some other require-
ments such as participation are shown to be meaningful,
these may not be essential for every kind of robot-assisted
therapy. Two of the most imperative requirements are
introduced here.

2.2.1. Safety. With the participation of human, safety
becomes the top priority for the design of rehabilitation
robotic hands. Any mechanical problems would do serious
harm to the human bodies because of the close contact
between the robotic hand and the human hands [25]. There-
fore, enough considerations for the motion characteristics of
fingers are imperative in the design. For instance, the center
of rotation of linkage structure should coincide with the
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Figure 1: An overview of the hand rehabilitation robotics.
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rotational axis of the human joint or the mechanical stopper
should be used for setting limits to the range of motion [47].
These mean that the hand anatomy and potential emergency
have to be anticipated in the design of any robotic exoskele-
tons by the designers [26, 48, 49].

2.2.2. Availability. The motor recovery training is long term
and costly to most patients. Some researches show that the
main limitation to the practical use of hand rehabilitation
robotics is the availability [50]. The availability is decided
by the expense of the device and the complexity of an opera-
tor [23]. For instance, complex rehabilitation robotic devices
require supervision from specially equipped therapists with
extra wage expense [50]. Most of current hand rehabilitation
robots offer 1 degree of freedom (DOF) for a single finger
while fingers have far more DOF, since any extra DOF would
bring considerable extra expense [51]. Big equipment for
rehabilitation is very expensive, and the burden is too heavy
for the hospitals to provide enough room and equipment
for stroke patients [52, 53]. The growth of stroke population
and the condition of current rehabilitation indicate that in-
home treatment would be the trend of hand rehabilitation
robotics. The transformation of application from the lab to
the home is in urgent need of improving in availability of
hand rehabilitation robotics.

3. Classification of Hand Rehabilitation Robots

There exist many kinds of ways for the classification of hand
rehabilitation robots, some of which follow the convention in
mechanical design (focus on the hardware system), while
others follow the convention in rehabilitation (which focus
on the training paradigms) [23, 26]. In fact, each of these
ways of classification has its own value, and they are depen-
dent to each other. For example, the hardware system
depends on the basic abilities of the rehabilitation robotics
(e.g., possible movements and feedback information), while
the training paradigms are the main functional components
in the recovery (e.g., the application of specific rehabilitation
theories). To date, papers reviewing the hardware system and
training paradigms have been separated to each other or just

from one special angle [14]. Here, both of them are overall
reviewed in the next subsection. Notably, this paper will not
give the most specific details about the classification of reha-
bilitation, but tries its best to give an overview of the position
of each component and the relationship between them. The
overall overview in this classification is shown in Figure 2.

3.1. Hardware System. The hardware system is the founda-
tion of hand rehabilitation robots. It decides the possible
types of motion the robots can offer to the patients and the
possible signals the robots can obtain from patients. The
hardware system can be classified in details in a mechanical
classification [26]. However, here, the classification is made
in cruder categorization for highlighting several most impor-
tant aspects in the design of hand rehabilitation robots. The
hardware systems are divided into aspects including types
of robots, the actuations, types of transmission, and sensors.
Other aspects such as power are not mentioned because they
are not the critical parts for the hand rehabilitation robots,
and details about these have already been discussed by other
researchers [24].

3.2. Robot Type. Existing hand rehabilitation robots can be
divided into two main types according to the alignment of
the device and the user: the end effector and the exoskeleton.
The end effector is external to the patients’ body while the
exoskeleton is worn by human beings (Figure 3).

3.2.1. End Effector. The end effector is external to the body of
patients, and it provides required force to the end of the
user’s extremity to help or resist the motion [26]. For exam-
ple, the AMADEO robotic system (Figure 3(a-1) designed by
an Austrian is already a commercial product. After fastening,
the finger supports the finger tips and thumb and bending
and stretching movements can be performed followed the
slider [54]. The HandCARE (Figure 3(a-2) is another end
effector designed by Dovat et al., in which each finger is
attached to an instrumented cable loop allowing force control
and a predominantly linear displacement [55]. The end effec-
tor provides force without considering the individual joint
motions of the patients’ limbs, which bring problems such

Hand rehabilitation robot

Hardware system

Robot type Actuation Transmission Sensor

Training paradigm

Training
modality

Patterns of
movement

Human-robot
interaction

Patterns of
induction

Detectable
intention User

feedback

Figure 2: The classification of hand rehabilitation robot.
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as the limited range of motion and the dead point issues [56].
Furthermore, the end effector is not portable for being
external to the human body, which limited the practical
use in clinic.

3.2.2. Exoskeleton. Different from the end effector, exoskel-
eton device can be worn on the body of patients. The joint
and links of the robot have direct correspondence with the
human joints and limbs, respectively [26]. For example,
Ho et al. develop a wearable hand rehabilitation robot that
offers 2 DOFs for each finger (Figure 3(b-1) [10, 57]; Chiri
et al. designed the HANDEXOS which is low in overall
size and light weight (Figure 3(b-2) [58]. This portability
of exoskeleton makes it a good choice for stroke rehabili-
tation, especially for patients in the later period of stroke
when they can train themselves at home [24]. Although
there are problems such as the robot axes have to be
aligned with the anatomical axes of the hand, the exoskel-
eton robots are widely used in the rehabilitation robotics
and have been greatly developed these years. The mention
of functional degrees of freedom (fDOF) which offers a
method for using less complex actuation strategies to sim-
plify the complex multi-DOF movements [24, 59] and the
development of soft-bodied robots [60] both promote the
application of exoskeleton robotics. In et al. designed the
underactuated jointless robots that are very light in weight
[38]. Now, the exoskeleton robots have been the trend of
hand rehabilitation robots in poststroke rehabilitation.

3.3. Actuation. The function of actuation is to transform dif-
ferent kinds of energy to actuate the motion of robots. There
are 5 kinds of actuation mentioned here: elector motor,
hydraulic, pneumatic, pneumatic muscle, and human mus-
cle. Although there are still some other kinds of actuation
such as the piezoelectric and the shape memory alloy which
are promising for being thin and lightweight, they are not
mentioned here for either being limited by their own

technical dilemma in practical application or just being theo-
retical design [61–64].

3.3.1. Electrical Motor. The electrical motor is almost the
most widely used actuation in design of hand rehabilitation
robots, because they are easily available, reliable, and easy
to control and with high precision. For example, the
HANDEXOS designed by Chiri A et al. is actuated by the
force transmitted for DC motor to a Bowden cables; the exo-
skeleton hand robotic training device designed by Ho et al. is
actuated by micro linear electrical motor [10, 58]. The
general performance in the torque-velocity space makes
the electrical motor useful in applications such as hand
rehabilitation robots where variability in control strategies
is sought-after [24]. The might disadvantage of the electri-
cal motor is that the rigid structure of electrical motor
might bring safety problems. Nevertheless, the electrical
motor can be controlled in torque, which makes the actu-
ator able to get the information of the robots without the
need of extra sensors.

3.3.2. Pneumatic. The pneumatic actuators are used much
less than the electrical motor in hand rehabilitation robots,
such as the ASSIST designed by Sasaki et al. This actuator
has advantages such as less requirement of maintenance
and can be stopped under a load without causing damages
[26, 65]. Although problems like noise can be overcome by
using precompressed air storage, the problem of size cannot
be settled because the air storage chamber is necessary. Thus,
the pneumatic actuator might better be used for systems with
lower mobility.

The development of pneumatic artificial muscle makes
the actuation another choice. The pneumatic muscle made
of rubber inner tube with a shell can inflate or contract. For
example, the commercial hand rehabilitation robotic system
produced by Kinetic Muscles Inc. (USA) is actuated by air
muscle actuator [66]. There is also another kind of
pneumatic muscle, namely, the bending type pneumatic

a-1 b-1

Linear actuator

Finger assembly
Virtual
center

c-1 d-1

End effector Exoskeleton Linkage Cable
Robots with different structural arrangements Robots with different transmissions

a-2 b-2 c-2 d-2

Figure 3: Examples of different kinds of robots [10, 19, 20, 54, 55, 57, 58, 74, 76–78].
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muscle. For example, the pneumatic rubber muscle was
designed by Noritsugu et al. [67]. The disadvantage of pneu-
matic actuation is that the actuators are difficult to control for
its time variability and nonlinear.

3.3.3. Hydraulic. The hydraulic actuators are very good in
performance such as can generate higher torque compared
with the electric or pneumatic systems and can be controlled
in high precision and frequency [68]. But, the requirement of
a wider space to accommodate the oil transmitting pipes and
conduits makes the hydraulic actuators seldomly used in
hand rehabilitation robots [26].

3.3.4. Contralateral Extremity. The contralateral extremity
can be thought as an actuation too. The hand rehabilita-
tion robots actuated by the bilateral limb are usually used
in the robotic system applying the bilateral training strate-
gies [69]. The robots for the impaired hand can be directly
actuated by the force offered by the healthy extremity or
indirectly actuated in a synchronized control by the signal
obtained from the healthy hand [70, 71]. To date, only the
latter one has been researched. For example, Rahman et al.
designed the bilateral therapeutic hand device, in which
the exoskeleton was worn on the impaired moves accord-
ing to the data from the glove worn on the healthy
hand [71].

3.3.5. Human Muscle. The human muscle on the impaired
hand can be activated by functional electrical stimulation
(FES) to complete the motion of impaired hand the same
as robotic actuation [72]. Moreover, some applications
combine it with the robotic actuator for rehabilitation.
Thus, the human muscle can be classified as a kind of
actuation in a broad sense here. Rong et al. have proposed
an FES & robotic glove rehabilitation robotic hand that
better realizes the recovery of hand function through the
balance of FES and robot [73]. Researchers often stimulate
FES with processed EMG signals or EEG that are pro-
duced from patients’ spontaneous motor to contain spon-
taneous motor [74].

3.3.6. Others.Other designs that corresponded with the active
training modalities may not provide actuations, but totally
actuated by patients’ own hand; this means for a high require-
ment to patients’ residual motor abilities [14]. Another
compromised choice is the use of spring as actuation, in
which the spring offers force to compensate the effect of
hypermyotonia [75].

3.4. Transmission. The function of transmission is to trans-
form the motion of actuator into a desired direction to com-
plete the execution of a hand’s motion. Most of these are a
consequence of the choices of actuator or the mechanism.

3.4.1. Linkage. Linkages are popular choices in the hand
rehabilitation robot system, the same as in the traditional
mechanical design. The linkages are light, convenient, and
can be easily controlled in a given trajectory. On the one
hand, the problem of coincidence of the rotational axis can
be settled by using the cross-joint structure. On the other

hand, the complexity of device can be reduced according to
the concept of fDOF by using the linkage structure [24].
For example, Fontana et al. designed the cross-joint exoskel-
eton that uses the virtual joints to avoid the misalignment
(Figure 3(c-1) [76]; the mechanisms designed by Wege et al.
adopt a linkage structure connecting the adjacent finger
segments [74]; and Fiorilla et al. designed the 2-finger hand
exoskeleton that adopts the concept of fDOF to simplify the
structure (Figure 3(c-2) [77]. The redundancy can be elimi-
nated by this structure while offers an easy way to control
the movement.

3.4.2. Cable. The cable is also frequently used as the transmis-
sion in the hand rehabilitation robots, including the pulley
cable and Bowden cable. The pulley requires a continuous
tension to maintain traction on the pulleys, which limits
the use [78, 79]. On the other hand, the Bowden cable is bet-
ter for its cable conduit and is flexible. Disadvantages are the
variable and high-friction force caused by the curve [74, 80].
For example, the cable actuated finger exoskeleton (CAFE)
(Figure 3(d-1) designed by Jones et al. and the HandCARE
(Figure 3(a-2) designed by Dovat et al. adopt the pulley cable
[55, 78]. These devices can be easily controlled by force while
not so convenient in usage. The robot designed byWege et al.
(Figure 3(d-2) adopts the Bowden cable to control the
motion of fingers independently [19, 20, 74]. In fact, this
robot combined both the cable and the linkage structure.
Cables are similar to the muscle of the hand, so it might be
an effective tool for the hand rehabilitation robotic system
[81]. The jointless exoskeleton designed by In et al. is a good
application of this concept [38].

3.5. Sensor. Although the hand rehabilitation robot system
has some effects just according to the continuous passive
motion (CMP) concept, the participation of patients seems
to be more effective in the rehabilitation system [82, 83].
This makes the sensor very important in the hand rehabil-
itation robot system. The sensor detects information of
human to offer feedbacks or control signals to the human
or robots. Here, the sensors are classified by the types of
detected signals (Figure 4).

3.5.1. Physical Signal. The sensors detecting physical signal
such as the force and position (or motion) are the most used
sensors in the robot system of hand rehabilitation [24]. The
function of force or position signal is to provide the physical
state of the hand such as the exerted force of motion or
the bending angle of the finger [84–88]. For example, the
sensing and force-feedback exoskeleton (SAFE) robotics
was designed by Ben-Tzvi et al., in which an optical posi-
tion sensor and strain gauges are set to detect the motion
and force signal [89].

3.5.2. Bioelectrical Signal. The other kinds of sensors detect-
ing the bioelectrical signals such as the EEG or EMG signals
are also frequently used in the hand rehabilitation robot
system [24, 41]. The function of the bioelectrical signal is to
reflect the motion intention of human, which can be used
as the controlling signals of robots. The EEG and EMG
signals are the most representative signal obtained from the
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brain or muscle, since other possible but inconvenient signals
such as the magnetic resonance imaging (MRI) signal are not
listed here [90]. Examples are SAFE that uses the EEG cap to
detect the EEG signal from the brain and the robot designed
by Hu et al. that uses several EMG electrodes arranged on the
extensor digitorum muscle and abductor pollicis brevis
muscle [40, 41].

4. Training Paradigm

The training paradigms designed according to the rehabilita-
tion theories or clinical results with good efficacy might be
the most crucial things in the motor recovery. The essence
of training paradigms is how the robots interact with the
patients from signal perception to physical contact. To date,
no comprehensive reviews discussing the training paradigms
are found, although some classifications such as training
modalities and training strategies have been widely used in
researches [14, 23]. For designing better application of reha-
bilitation robot system, the training paradigms are classified
according to several aspects. These aspects are either already
widely used such as the training modalities or being dis-
cussed more or less in the past but summarized in the
authors’ view such as the human-robot interaction.

4.1. Training Modality. The classification of training modal-
ities relates to conventional therapy modes used in a clinical
practice (Table 1) [14]. It refers to a subject’s status during
interaction and the properties of force applied to the hand.
For example, the active or passive modalities reflect weather
there is participation of the patients’ intention in the motion.
The assistive or resistive modality reflects the robot offer, the
assistant or resistive force, for the motion of the hands. Other
training modalities proposed by Basteris et al. are not classi-
fied here for they can also be classified under this classifica-
tion [14]. For example, the passive-mirrored training
modality belongs to the active-assistive modality in which
the contralateral hand plays the role of the robot [14]; the
path guidance training modality belongs to the assistive
modality in which the assistant force of the robot turns to
be a force field around a predefined trajectory.

4.1.1. Resistive. In resistive training modality, the patient
completes the motion under the resistive force offered by
the robot. This kind of training mainly focuses on the force
training, so the robot usually adopts the impedance control
schemes [91, 92]. For example, Lambercy et al. designed the
haptic knob for hand rehabilitation. The robotic system
consists of two control schemes: in the opening course, the
robot is controlled by the PID position controller and in
the closing course, the robot offers a resistive force that com-
posed of a constant force and a damping component [93, 94].
The resistive force is adapted to the subject’s impairment
level, and a significant homogeneous improvement of hand
function was observed. Researches on the resistive training
of the hand are relatively rare, most of which focus on other
arm segments such as the shoulder, elbow, or wrist [95, 96].
The limitation of resistive training modality is that it requires
the patient’s residual motor ability being strong enough to
overcome the resistive force of the robot. Therefore, it is
better to be used for patients in the later period of stroke [14].

4.1.2. Active. In active training modality, the patient executes
the motion on his own ability, while the function of robots is
being used as a measurement device to offer feedback to the
patients. In this kind of training modality, the motion is
totally controlled by human, while no control scheme is
needed here. For example, Adamovich et al. studied the reha-
bilitation system in which the patients wore CyberGloves and
CyberGrasp device to get the position and force information.
When the patients execute motion on their own, the real-
time information of the hand are collected and presented
with a virtual scene and feedback force [97, 98]. In fact,
researches on pure active training of hand rehabilitation are
hardly observed, because most of these robots can be
replaced by data gloves [99]. Besides, the active training
requires that the patients have enough ability for indepen-
dent motion [14, 100].

4.1.3. Assistive. In assistive training modality, the patient exe-
cutes voluntary motion of his hand with the assist of the
robots. The robot offers continuous force to the hand during
the motion. This kind of training modality can be as simple
as the HandSOME designed by Brokaw et al., in which the

Physical
signal

Bioelectrical
signal

Brain

Muscle
Force
motion

Figure 4: Sources of two kinds of signals.

Table 1: Different demands in the hand rehabilitation robotics with
different training modalities.

Training modalities
Patient Robot

Intention Force Force

Passive 0 0 +++

Assistive + + +

Active-assistive ++ +/0 0/+

Active ++ + 0

Resistive ++ ++ —

For the force of robots/patients: + means the assist of force on motion; −
means the more resist of force on motion; 0 means no assist or resist of
force on motion. For the intention of patients: + means the participation of
patient’s voluntary intention on motion; 0 means no participation of
patient’s voluntary intention on motion. The bigger counts are
corresponding to the higher requirement to each object.
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assistant force is offered by a spring to counteract the muscu-
lar tension [75]. No control scheme is needed in this design,
but the assistant force offered by the spring is difficult to
adjust and may lack individuality for different patients. For
assistive training, the training according to the motion prede-
fined trajectory is usual. For example, the hand rehabilitation
system designed by Wege et al. adopted the standard PID
controller and the sliding control model [74, 101]. The PID
controller gave satisfied results of position control, while
the sliding control model is more robust and the trajectories
are followed with good accuracy. Nevertheless, the assistive
training modality requires that the patients have residual
motor ability [102].

4.1.4. Active-Assistive. In active-assistive (also known as
active-passive) training modality, the patient completes the
motion with the help of robots, but here, the robot would
not offer force to the hand until the patient cannot move
on its own. The active-assistive training modality is the most
widely used one in the rehabilitation robot system [103, 104].
Active-assistive training can also adopt simple control
scheme as the AMADEO did, in which the assistant force is
only supplied when the patient could not complete the full
range of motion [105]. These kinds of control scheme may
not be so useful for patients with weak motion ability. More
and more active-assistive training modalities adopt the bio-
signal as the input of control, but most of the current
researches are based on the binary (on-off) control scheme,
which limits the use of biosignal input. The muscle model
and the fuzzy control are a new trend of control scheme with
an advantage in active-assistive training modalities [106,
107], while more application on hand rehabilitation is
needed. The assistive training modality requires the residual
motor ability or at least that the patient can generate enough
motor intention.

4.1.5. Passive. In passive training modality, the motion of the
patient’s hand totally depends on the force offered by the
robots. According to the continuous passive motion (CPM)
concept, the massive passive training would promote the
motor recovery. Robots of passive training modality are

usually controlled by a position to do repetitive training,
in which the robots move the hand from the start position
to the end position and then move back [75, 108]. There
are not much requirements to the interaction of humans
and robots, thus most robots of other training modalities
can train the patients in passive training modality [91, 105].
Although the passive training has been widely used in
the rehabilitation robotic system for which requires no
motion ability of the patient, it still has limitation for
the participation of patients and is very important in the
rehabilitation [91, 108].

5. Patterns of Movement

According to the collected papers, current design of move-
ments in hand rehabilitation robots can be divided into
two patterns. The first pattern focuses on the range of
motion, muscle strength, and spasticity while the second
one focuses on performance of functional tasks, especially
for the ADLs. This is corresponding to the International
Classification of Functioning, Disability and Health (ICF)
framework (Figure 5), in which the human functioning is
described at three levels, that is, functional level (body
structures and function), activity level (task execution),
and the participation level (involvement in life situations)
[109, 110]. Although initial results of meta-analyses on
clinical trial results with robotics showed the effectiveness
of robotics for improvement on functional level, no
improvement on the ICF activity level is demonstrated. It
might be caused by people’s poor understanding of the
relationship between function level and activity level, but
now, the focus of rehabilitation on hand disorders is
slowly shifting from ICF function level towards activity
and participation levels [35, 109–113].

5.1. Movement on Functional Level. Most of current design
adopts the movement on functional level, that is, movements
that focus on increasing the joint range of motion, improving
muscle strength, and decreasing spasticity and so on. Inten-
sively executing simple motion on one or several joints by
such as continuously grasp or extension of palm is usually

ICF levels

ParticipationActivities

Capacity Performance

Actual
performance

Perceived
performance

Body functions
and structures

Figure 5: ICF levels and subdivision [109].
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used in this kind of training [111, 112]. Movement pattern on
functional level is a key point in rehabilitation for it decides
the foundation of normal movements [109].

5.2. Movement on Activity Level. Movement on activity level
can usually be found in task-specific training or training of
activities of daily living (ADL) [31, 36, 114–116]. The move-
ment in activity level is not as rigid as in the functional level,
for example, the training with the soft robotic glove designed
by Polygerinos et al. is to grasp blocks in a box [60]. The
activity level is directly related to the performance of patients’
abilities in actual life.

6. Human-Robot Interaction

The differentiation between different training paradigms is
essentially decided by different human-robot interactions
which are also called training strategies in other papers.
Human-robot interaction is essential for the motor recovery,
because in rehabilitation robotic system, the subject of human
is the key point, which is often inadequately considered. This
is different from traditional industrial or field robots that exe-
cutemotion automatically or with the explicit command from
humans, because the humans are both the commander and a
component of the robot system of hand rehabilitation [26].
For human-robot interaction, the induction, intention, and
feedback to the brain are the three main components. The
induction induces motor intention for motion; the robots
detect the right intention and then give augmented or trans-
formed feedback to the patient. These components form a
closed neuronal pathway for a motor.

6.1. Patterns of Induction. A number of innovations com-
bined methods such as action observation or motor imagery
with rehabilitation robotics. These different combinations
could be generalized according to the different patterns of
inductions. The induction is used to induce motor intention
from the patient. It seems that the better induction pattern
should be able to induce stronger motor intention and inspire
more motivation of the motion from patients [39, 40]. There
are three effective induction patterns, namely, the task-
specific induction, mirroring induction, and virtual induc-
tion. Patterns such as explicit visual or auditory cue for
the execution of motion are not described here for the weak
effects in inducing intention. Nevertheless, these inductions
can be presented before the execution of motion or be
interactive with the results of motion execution.

6.1.1. Task-Specific Induction. The task-specific (or task-ori-
ented) induction usually offers real-life objects with which
the patients perform motion of daily activities such as grab-
bing a bottle [117] or picking up blocks [60]. It is performed
to be therapeutic interventions in almost all studies for the
task-specific training, while others show hardly any gener-
alization to the improvement on the ICF activity level
[109, 118]. The intention induced by the task-specific induc-
tion is oriented to daily tasks, which is effective in improving
activities in daily living for compensating the absence of
activity-related training input in other therapies [119].

6.1.2. Mirror Induction. The mirror induction refers to the
mirror therapy or bilateral training (i.e., mirror training). In
traditional mirror therapy, by using a mirror that is posi-
tioned orthogonally in front of the patient, the reflection
of the right arm in the mirror provides an illusion that
the left arm is being moved [120]. The mirror therapy
has been used for many years and demonstrated to be use-
ful in motor recovery [120, 121]. The bilateral training, in
which the patients execute mirrored motion of both hands
with the help of robots, is very similar to the mirror ther-
apy [39, 40, 122]. The only difference is that the mirror
illusion is replaced by the real motion of paretic hand
under the assist of robots. The motor intension of paretic
hand induced by mirror induction might be explained by
the function of intercallosal fibers or the mirror neuron
system (MNS) [123]. The combination of robots with
bilateral training has been widely used while the combina-
tion with traditional mirror therapy has not been found.

6.1.3. Virtual Induction. The virtual induction refers to
virtual objects presented by computers [124]. There are three
main thoughts to use virtual induction. First, using com-
puters to realize the virtual task-specific induction, this has
been demonstrated to be as effective as the task-specific
training with the help of therapists [124]. Second, using
videos of others’ motion to induce motor intention
according to the MNS has been more and more applicable
[122, 125]. Third, using interesting game paradigm to
induce stronger motor intention can be an induction
mixed with the former two and adds to the motivation
of executing the motion [126, 127].

The efficiency of game paradigm is promoted by findings
that show immersive training, or implicit practice can
strengthen the learning ability of patients [128, 129]. It
should also be mentioned that the development of the VR
technology makes the virtual more promising in hand
rehabilitation robot system [98, 130, 131].

6.2. Detectable Intention. In a normal pathway of healthy
subjects, the motor intention can be conducted to the muscle
in electrical signal to actuate motion of the hand directly,
while in a pathway of stroke subjects, the motor intention
has to be detected by the robots and then the robots actuate
the motion of the hand. The intention can be detected from
the brain, muscle, and both the paretic hand and the contra-
lateral healthy hand.

6.2.1. From Brain. The EEG signals are represented brain
signals, which contain the motor intention that can be
detected. The EEG signal is the most convenient signal in
the brain-computer interface (BCI) system. The BCI technol-
ogy has been greatly developed in decades and has many
effective applications in the robot system of hand rehabilita-
tion. The application of BCI technology is mainly based on
the fact that the motor imaginary (MI) promotes the recovery
of limbs. The effectiveness of MI in rehabilitation has been
demonstrated long before. Researches show that through
the MI of limb movements, the feeling of paretic limb would
be aroused to some extent for the motor cortex would be
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activated during MI, though the patients did no relevant
motion [132–137]. Combined with the BCI technology, the
signal of brain evoked by the patients’ spontaneous MI can
be extracted and classified to control the rehabilitation robot-
ics directly. With the participation of MI in the brain and
movement of the hand, the rehabilitation robotics realizes
an artificial pathway to replace the normal motor pathway
of humans and has a wide future [138].

Biebaumer is the earliest one to demonstrate that stroke
patients can evoke MI-related ERD/ERS as the health indi-
viduals [139, 140]. Unexpectedly, researchers find that the
muscular tension of these stroke patients reduced after par-
ticipating in the experiment. Different research teams made
further research based on this. Ang et al. conducted many
experiments and verified that there are great possibilities
for stroke patients to evoke the MI-BCI, thus making the
application of MI-BCI possible [141, 142]. Barsotti et al.
designed a full upper limb robotic exoskeleton by MI-BCI.
After evoking the MI-BCI, the patients can achieve the
motion of reaching and grasping [21, 22]. It can be found
from these examples that the advantage of intention detected
from the brain is promising in hand rehabilitation robots,
because it makes the direct training of brain possible. But,
the weaknesses of the current studies are that the real-time
problem was caused by processing of large EEG data and that
the accuracy of recognition rate of correct motor intention
limited the effect of actual application [83].

6.2.2. From Muscle. The electromyography signal of stroke
patients is not enough to drive the motion of paretic hand,
but it is strong enough for the data collection instruments
to collect, thus it provides a new method of control for reha-
bilitation robotic hands, which is to control the motion of
robotic hand with processed signals collected from the
muscle. Researchers like Ho et al. designed electromyogra-
phy- (EMG-) driven hand robots [143–145]. After the
patient spontaneously produces a motor intention, the device
collects and filters EMG signals, then controls the motor of
the robotic hand with the processed signals. The experiment
was conducted on 8 chronic patients, and the result verified
the effectiveness of the rehabilitation robotic hand in the
recovery of hand functions because the FMA scores of
patients were improved. Besides, Fleischer et al. designed
the EMG-driven rehabilitation robotics combined with force
sensors for the legs or hands. This research combined with
EMG improves the control strategy that purely uses the force
signal [20]. However, that research was only developed for the
legs, and no relevant research on hand had been found yet.

The EMG technology detects motor intentions directly
from the EMG signal of patients, to help the execution of
initiative motion. That is why it has better effects than the
traditional passive training without the participation of mus-
cles. However, there are still some points that should be
focused for EMG-driven rehabilitation robotics. First, the
EMG signal varies in the different conditions of stroke
patients, so the rehabilitation robotic system should be adap-
tive [146]. Second, the current EMG devices should be able to
recognize more types of hand motion, to achieve better effec-
tiveness in recovery [147]. Kiguchi developed an EMG

rehabilitation robotic device based on the fuzzy control that
realizes the recognition of many types of motions of wrist
and forearm. However, no relevant research refers to recog-
nition of motions of fingers [107].

6.2.3. Force and Motion on Hand. One of the most direct
methods of sensing the user’s intention is tomeasure the force
exerted by the patient at the interface [25]. This method has
been applied to many hand exoskeletons for assistance appli-
cations [89, 148–150]. Similarly, the initial movement pattern
of the user’s finger can also be a triggering command for
programmed grasping based on a pattern classification tech-
nique [151]. The advantage of intention detected from force
andmotion on hand is thatmore information can be obtained
during all the motion courses, compared with the EEG or
EMG signal that contains too less information to be a variable
control input [22, 143, 145]. The limitation of force and
motion on the hand is the requirement of residual motion to
patients; in other words, severe myasthenia patients may not
be able to use these robots well [25, 83].

6.3. User Feedback. Although the human has its own propri-
oception, it is either abnormal or too weak for stroke patients.
The robot can offer extra feedback to the brain to form an
integrated close-loop pathway, which is meaningful for the
human-robot interaction. The feedback is usually an aug-
mented compensation for an attenuation of haptic feedback
[152, 153]. It can be visual, auditory, haptic, or multimodal.
The feedback can be divided as two types: feedback of motion
state and feedback of motor performance.

6.3.1. Feedback of Real-Time State. The purpose of using the
feedback of real-time state is to compensate the absent self-
feedbacks such as haptic feedback of the hand. The feedback
can be the visualization of force exerted to the device, index
of EMG/EMG signals, or joint motion compensator realized
by actual mechanism [152, 154–156].

6.3.2. Feedback of Motor Performance. The feedback of motor
performance is mainly used in a game paradigm. The
efficiency of this feedback might be explained by the simple
Pavlovian conditioning. The award of completing a motion
presented by a computer program would reinforce the motor
feedback loop and inspire more motivations in the next
motion [157]. Nevertheless, the somatosensory feedback of
completing an actual movement is also an effective feedback
that helps direct brain reorganization [40].

7. Discussion

As the classification shows, varied kinds of design of hand
rehabilitation robots have been explored in all these studies,
thus making the hand rehabilitation robotics being greatly
developed in recent years. However, the progression of clini-
cal use of hand rehabilitation robots has not caught up with
the pace of the designing of the prototype. The result of an
evidenced-based analysis even shows that many other alter-
native interventions have “stronger evidence” than the
robot-assisted therapy [50]. Here, the general limitations of
current researches on hand rehabilitation robots are given
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to remind future studies. Experience and prediction in the
research of both hardware system and training modalities
are discussed.

8. General Limitation

One obvious general limitation of current researches is that
many researches ignore the importance of evaluating the
design of hand rehabilitation robots, which could be found
from Table 2. There are mainly three kinds of ways to deal
with the evaluation of designs in collected studies. The
majority of studies adopt the first way that gives no evalua-
tion of robots, making no effects on promoting the practical
use. This makes the design unconvinced for patients or
therapists to adopt it although the robots might seem to be
ingenious. A number of studies adopt the second way of
evaluating designs by giving few tests on the improvement
of robots’ physical parameters or of the performance on
specific scenes. Physical parameters varied like the ROM of
joints, the velocity of motion, and the assistant force exerting
to hands, while the specific scenes that like the accuracy of
reaching a target are totally set up by the investigator subjec-
tively. This kind of evaluation differs from each other, thus
making it difficult to tell which design is more available than
the other one [39, 40, 75, 164]. Few studies adopt the last way
that gives the evaluation of the efficacy of designs combining
in the clinical methods such as the improvement of clinical
scale which is the most acceptable method in rehabilitation.
Although many independent researches show abundant suc-
cessful design, a systematic research under the principle of
EBM gives weak demonstration for the usefulness of rehabil-
itation robots [45]. This could be explained that most studies
suffered from methodological shortcomings, such as a lack of
blinding procedures and intention-to-treat analysis, which
may have resulted in a positive bias in reported effects.

A solution is that more standard randomized controlled
trials (RCTs) should be designed on evaluating current robot
system of hand rehabilitation. On the one hand, the approach
of using clinical scale which is easy to administer for assess-
ment should be popularized in hand rehabilitation robotic
design, for it is the most acceptable way in clinical use now.
On the other hand, to set other standardized evaluation
methods realized by more objectives with the help of robots
might be promising, for it overcome the biggest disadvantage
of clinical scale of being subjective for the visual scores of the
test [30, 170, 171]. The measurement robots can benefit both
the evaluation of robot design and the assessment of rehabil-
itation degree [170, 171].

Lacking of pertinence is another limitation of the current
design. It can be found from Table 2 that only few studies
give specific discrimination of subjects, while the motor
impairment of these patients nearly varies from person to
person for the complexity of stroke sequela [54, 75, 169].
The different factors such as phases of stroke and muscular
tone may have very different requirements to the hand reha-
bilitation robots. For example, acute patients experiencing
muscular weakness may not be able to trigger the robot
controlled by force signal; muscular hypertonia might gain
abnormal motion patterns if their grasp strength is

overtrained by robots. Executing repetitively programmed
motion is the advantage of robots, while the individualized
motion for specific patient is meaningful. By the way, clin-
ical experience from traditional therapy such as the division
of recovery stages in the Brunnstrom approach can also be
used for references for pertinence designs [151]. All these
factors are crucial for the rehabilitation in deciding the
intensity of training and the proper training modalities in
a customized design.

8.1. Hardware System. The function of a specific HRR can
often be realized in several different combinations of different
hardwares. What decides the efficacy of HRR is not a single
hardware but the whole hardware system that makes
choosing of hardware not just finding an absolutely best
hardware but trading off different components under a
specific need of application.

The exoskeleton robots are the dominant choice com-
pared with end effector robots under the trend of in-home
treatment. Although the end effector has the advantage in
omitting the problem of the coincidence of joints, this merit
can also be realized by underactuated exoskeleton robots
based on the notion of fDOF. Besides, a lot of expense can
be reduced, because the controlled DOF can be decreased
according to the fDOF notion. The promotion of in-home
treatment makes the application of end effector robots fewer
in hand rehabilitation because of constraints on portability.

Choosing of actuation is mainly between the electrical
motor and the pneumatic artificial muscle. The merits that
like being easy to control, with high precision and with high
energy-to-weight, make the electrical motor the prior actua-
tion in hand rehabilitation robot. Being portable and small
in volume are very crucial for designing a flexible robotic
hand. The development of soft-bodied robots makes the
pneumatic actuation another noticeable choice in robotic
hand. The robots using pneumatic artificial muscle can be
small and with high safety compared with traditional actua-
tions, while the application of soft-bodied robots for hand
rehabilitation is still limited by the extra gasholder.

Among the choice of actuations, the contralateral
extremity and the human muscle should be more focused
on. The mirror therapy, although with undefined mecha-
nism, has already gotten good performance under many
practical uses in conventional therapy and several initiatory
applications in robot-assisted therapy [165, 166]. It should
be mentioned that current studies on hand rehabilitation
robots realize the mirror therapy in an indirect method
through conventional actuators controlled by signal from
data glove, while studies using direct mechanical method
are not covered. The success of treatment combined with
FES and EMG can also inspire the notion of combing robots
and FES. Serea et al. have realized a system according to this
notion [83, 172]. These two kinds of actuation are both
promising for the interaction between the human hand and
robots, thus demanding a higher level of choosing sensors.
Further studies on exploring the better new ways of process-
ing information from hands and robots, instead of just being
a trigger of motion, are also demanded for robots with better
efficacy of rehabilitation.
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Apart from soft body structure, the linkages are almost
the necessary among the transmissions. Using the linkages
to form an underactuated robot is the mainstream method
in solving the problem of joint coincidence. Although the soft
body structure has the advantage in being adaptive to human
bodies, the complexity on control system and the problem
of portability limit its application. It should be mentioned
that the jointless robots designed by In et al. using the
cable provide new thoughts in using cable to solve the
motion problem [38].

The extensive use of sensors for bioelectrical signal is the
tendency in design of hand rehabilitation robot. Although
the sensor is not necessary for a robotic hand, the consensus
on the importance of patient’s participation demands sensors
for detecting signal from human bodies. The bioelectrical
signals that were obtained directly from the delicate neural
activities expend the methods of detecting signal form the
patients. Even though the patients cannot move their hands,
the bioelectrical signal can also be used in place of the
physical signal. Endeavor on exploring the sensors for
bioelectrical signal should also focus on solving the problem
of lacking of effective features for control signals, because the
motion of the hand is varied.

8.2. Training Paradigm. Choosing of training paradigms
decides the kernel of a hand rehabilitation robot, while it
has not been fully introduced in papers combined with the
whole rehabilitation robot system in consideration of patient
difference and the merit and demerit of different designs.

Choosing of training modalities should better be noncon-
stant in the whole period of training for maximizing the
efficiency of hand rehabilitation robots, in correspondence
with the practical condition of patients. Two demerits for
current choosing of training modalities: First, in passive
motion, the absence of patients’ active participation slows

down the process of motor relearning; while, second, in pos-
itive motion, most patients in early stage are too weak on
both muscle strength and mental activity, thus making the
training process hardly inaccessible for them. Adopting var-
ied modalities as the state changes in the rehabilitation may
make a difference. For example, use passive training in the
early stage of treatment for patients with difficulty in generat-
ing detectable intention to restore the muscular tone; use
active-assistive training in the midstage of treatment to pro-
mote the process of motor relearning; and use active training
in the later stage of treatment for patients to regain indepen-
dent motor ability in case of overreliance. Besides, the control
scheme is better adopted according to different training
modalities. For example, for the resistive training modality,
the impedance control is a good choice, because the imped-
ance control can allow more dynamic interaction with the
patients. Fuzzy controlled may be a good choice for active-
assistive training, because the participation of intention
detected from biosignal can be better classified in this control
scheme [107, 173]. It should be mentioned that choosing of
right modalities still needs many clinical data for making
better decision according to more sufficient research support.

Movement on activity level would be the focus in subse-
quent studies. It could be found in Table 2 that many studies
such as the hand rehabilitation robots controlled by EMG
signals succeeded in restoring the human function on func-
tion level, but then stopped before the further rehabilitation
[41, 118, 145]. The fact is that the restoring of function on
an activity level is more meaningful to patients for it decides
the independent ability in a daily life. The hand rehabilitation
robots with goal-oriented design seem to be in a very good
direction of rehabilitation [174]. With the help of computer
science, many ADL can also be realized in a virtual world.
Some research shows that somatosensory feedback through
rehabilitation robots is more effective at improving finger
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Figure 6: The relationship between the human motor system and the hand rehabilitation robot system.
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motor function than animated visual feedback on a computer
screen [84].

Human-robot interaction should be takenmore into con-
sideration for it decides the basic mode of the robot’s role in
motor recovery of patients’ brain, and it connects the hard-
ware system with the training paradigms. This is provided
in Figure 6, from which the comparison of the rehabilitation
robot system with the human motor control system is shown.
The basic method of designing hand rehabilitation robot can
be regarded as designing an artificial system to make up the
incomplete human system and promotes the relearning
process of human system. The hand rehabilitation robot
has been developed form the earliest passive robots to robots
with feedback and controlled through information of muscle
or brain information. Although the hand rehabilitation
robots are developed more like the human, there is still
distance between the real human system and hand rehabilita-
tion robot system.

First, the system in most designs is not real-time but has
been provided through long time-window sequence. This
makes the hand rehabilitation robot system a not real closing
loop system and separates the perception of execution and
feedback of patients [175, 176]. For example, in the detection
of human intention, the time-delay problem is caused by pro-
cessing the vast and complex data of EEG signal. This needs
more effort on finding the better classification algorithm,
such as the research by Gomez-Rodriguez et al. that uses a
time window to detect a real-time intention. The time-delay
problem also exists in the feedback of real-time motion
information. Efforts on designing better sensing circuit of
hardware are needed to solve the problem.

Second, the humans have varied intentions while current
researches could only figure little of them. The more closing
the intention is detected from the central nervous system,
the littler intention could be detected, while more intention
can be detected from the distant extremity. Besides, current
technologies on detection intention from the brain or muscle
are either low in accuracy or inconvenient in clinical use. On
the one hand, better detection system should be developed.
On the other hand, although motions of distant extremity
are difficult to be motivated, they still give us a tip that the
combination of different intentions might be excellent in
both varieties and motivation [177].
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Electrocorticography (ECoG) has been demonstrated as a promising neural signal source for developing brain-machine interfaces
(BMIs). However, many concerns about the disadvantages brought by large craniotomy for implanting the ECoG grid limit the
clinical translation of ECoG-based BMIs. In this study, we collected clinical ECoG signals from the sensorimotor cortex of three
epileptic participants when they performed hand gestures. The ECoG power spectrum in hybrid frequency bands was extracted
to build a synchronous real-time BMI system. High decoding accuracy of the three gestures was achieved in both offline analysis
(85.7%, 84.5%, and 69.7%) and online tests (80% and 82%, tested on two participants only). We found that the decoding
performance was maintained even with a subset of channels selected by a greedy algorithm. More importantly, these selected
channels were mostly distributed along the central sulcus and clustered in the area of 3 interelectrode squares. Our findings of
the reduced and clustered distribution of ECoG channels further supported the feasibility of clinically implementing the
ECoG-based BMI system for the control of hand gestures.

1. Introduction

Brain-machine interfaces (BMIs) havepotential capabilities to
bypass the interrupted motor pathways caused by neurologi-
cal disorders or amputation and to build a direct communica-
tion between the brain and external devices by interpreting
brain acitivities [1]. With this emerging technology, the
paralyzed and amputated are able to perform simple actions
through the external prosthesis and improve their ability of
daily life [2].

Electrocorticography (ECoG) has been widely exploited
to localize the seizure foci of the patients with intractable
epilepsy for decades. Since ECoG signal could be collected
through epidural or subdural electrodes placed on the surface
of the cortex, it provides higher signal quality and spatial

resolution than noninvasive neural signals, such as EEG sig-
nals [3]. Compared with neuronal ensemble recording, the
implantation of ECoG recording is less invasive and reduces
the clinical risks as well as ensures a long-term stability [4].
Therefore, ECoG has attracted considerable and extensive
interest in BMI studies recently because of its good trade-
off between performance and reduced invasiveness. ECoG
has also been used to reconstruct high-dimensional arm
movement [5, 6], predict movement directions [7] and single
finger flexion [8–11], and classify hand gesture type [12, 13]
as well as detect gross grasp movement [14, 15] with less
training [16]. These studies demonstrate that the signal-to-
noise ratio and the temporal-spatial resolution of the ECoG
signals are sufficient to represent multiple hand gestures and
provide commands to control a robotic hand in real time.
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Although ECoG has been proven to be a good candidate
of signal sources for BMI control, safety and reliability
issues together in BMI field must be carefully considered
before being applied into clinical practice. One of the main
open challenges in this field is related to the minimization
of the cortical area. Conventional intracranial ECoG elec-
trodes are arranged in grids or strips covering a large area
of the cortex surface aiming to simultaneously monitor
brain regions and localize the seizure onset zone. Some
studies pointed that the number and locations of elec-
trodes which were chosen exclusively for clinical purposes
did not exactly agree with the requirements in a BMI area.
The large extent of the conventional implantation of
ECoG grids exerts a great effect on the brain, which signif-
icantly increases the surgery and the postoperative recov-
ery risks [17]. For these reasons, BMI users prefer a
smaller but less invasive configuration of electrode grid
without sacrificing decoding performance. By decreasing
both the electrode diameter and the interelectrode dis-
tance, some studies customized micro-ECoG (4mm
center-to-center spacing) to realize a less invasive proce-
dure and dectect movement intent with very local cortical
activity. However, the optimal interelectrode distance is
still uncertain and needs further study [18]. Beyond that,
decreasing the number of channels on the premise of cer-
tain decoding accuracy could also reduce the area for grid
covering. Different strategies have been proposed to opti-
mize the number of ECoG electrode channels for the
purpose of reducing the number of input features of the
decoder and improve both decoding accuracy and compu-
tational speed. Among them, Milekovic et al. restricted
electrode channels in a limited cortical region using neigh-
boring channels to decode arm movement [19]. And
Zhang et al. decoded visual stimuli using a single ECoG
channel [20]. However, to our knowledge, few studies have
investigated the optimal number of electrode channels in
hand gesture discrimination and the corresponding ana-
tomical distribution of these functional channels.

In this work, we aimed to analyze the ECoG representa-
tion in the sensorimotor cortex during the execution of hand
gestures and reduce the area for electrode grid covering. The
channels selected by single channel selection showed a cluster
distribution during a hand gesture discrimination task and
the greedy selection [21] was employed to further select the
best electrode subset. The electrodes chosen by greedy selec-
tion were observed locating around the central sulcus and
gathered in the area of three interelectrode squares. Notably,
these selected electrodes were informative in distinguishing
hand gesture types with high decoding performance in both
offline and online real-time BMI system. Overall, these

results contribute to our exploration of minimized invasive-
ness and help to further promote the clinical translation of
BMIs into practice applications.

2. Materials and Methods

2.1. Participants and Implantation. All three participants in
this study were suffering from intractable epilepsy and
required surgical treatment for epileptic seizure control.
The clinical subdural electrodes were surgically implanted
in the sensorimotor cortex for clinical monitoring and local-
ization of the seizure foci. The configuration and location of
the electrodes, as well as the duration of the implantation,
were determined by clinical requirements. The clinical elec-
trodes were platinum electrodes with a diameter of 4mm
(2.3mm exposed) spacing at 10mm and generally implanted
only for a period ranging from several days up to 2 weeks.The
key information of the participants and their implantation
sites are shown in Table 1.

All procedures were followed from the guide and
approved by the Second Affiliated Hospital of Zhejiang
University, China. Participants gave written informed con-
sent after detailed explanation of the potential risks of the
research experiment.

2.2. Cortical Mapping. Postoperative computed tomography
(CT) scans were used to confirm the location of the elec-
trodes. All three participants went through the clinical
examination routine of the motor, sensory, language func-
tion, and so on through cortical stimulation mapping
(CSM), which helped to further and functionally localize
the electrodes. None of the hand motor areas of all the partic-
ipants was seizure onset zone in our study.

2.3. Behavioral Tasks. Participants were instructed to per-
form one of three hand gestures (“scissors,” “rock,” and
“paper”) or relax their hands in a rest position according to
the cues presented on the screen in front of them.

In the rest position, participants were asked to relax their
task hands and flex the fingers slightly with palms facing up.
A trial began with a verbal cue “ready”meanwhile a cross dis-
played on the center of the screen, indicating participants to
keep task hands in the rest position and be prepared. This
was the “baseline period” (2-2.5 s randomly). After the base-
line period, the cross was replaced by a gesture picture (“go”
cue (GC)), which randomly displayed one of the three
gestures. Participants were informed to perform the gesture
instantly and hold on it until a red circle (“stop” cue (SC))
appeared. The gesture displayed 2 to 3.5 s randomly. After
SC, participants could release the gesture and return to the

Table 1: Participant overview and grid location.

Participant Gender Age Handedness (task hand) Implanted grids Seizure onset zone

P1 Female 28 Right (right) Left hemisphere: temporal, parietal, occipital lobe Anterior temporal lobe

P2 Male 22 Right (left)
Right hemisphere: frontal medial, dorsal surface,

parietal lobe
Anterior frontal lobe

P3 Male 22 Right (left) Right hemisphere: temporal, occipital lobe Right temporal lobe
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rest position. At the end of each trial, a verbal feedback, that
is, “correct” or “wrong,” was given by the experimenter to
inform the subjects whether it was a successful trial or not.
The entire course of a task is illustrated in Figure 1(a). The
trials were failed and excluded from the final dataset if partic-
ipants were not able to hold on the gestures until SC
appeared or forgot to release the gestures. Before the ECoG
electrode implantation, participants were trained to acquaint
themselves with the task until they fully understood the
processes and requirements.

Each session was composed of 3 blocks, and each block
was composed of 50 trials (5 sessions for P1, 5 sessions for
P2, and 3 sessions for P3). Participants would have a short
break between the blocks. In practice, the number of trials
and the duration of each break depended on the medical
condition and the willingness of the participants.

2.4. Neural Signals and Behavioral Data Recording. Clinical
ECoG signals collected by subdural electrode grids were
recorded by NeuroPort system (128 channels, Blackrock
Microsystems, Salt Lake City, UT). The ECoG signals were
firstly low filtered with a cutoff frequency of 500Hz and
stored continuously during the whole task at the sampling
rate of 2 kHz. The channels which contained a high level of
noise were excluded by visual inspection. The timestamps
of external events, such as “go” cues and “stop” cues, were
synchronized with recorded ECoG signals by acquiring time-
stamps from NeuroPort system. The behavioral data were
collected by a 5DT data glove with 14 sensors (5DT Inc.,
USA). Each sensor simultaneously yielded flexion values for
posture detection. Figure 1(b) shows the flexion values of
three sensors on ring, index, and thumb, respectively. The
data were collected when P2 performed the scissor gesture,
and the curves were smoothed by a Savitzky-Golay filter

(3 orders, 101 points). We defined the occurrence of a
movement onset when five first derivative of the flexion
values consecutively exceeded a specific threshold.

2.5. Neural Signal Analysis. Offline data processing was
performed on a MATLAB platform (Natick, MA). First, a
spatial filter, that is, common average reference, was applied
to all the remaining channels after visual inspection to
remove common noise.

2.5.1. Feature Extraction. ECoG feature was the power spec-
trum captured in different frequency ranges. By analyzing
its dynamical spatiotemporal pattern, we could characterize
the neural features associated with different movement status
and hand gesture types. To obtain the time-resolved power
spectrum of ECoG signals, the ECoG time series of an entire
session were segmented into 300ms width windows with an
overlap of 200ms. Then, a 3 order multitaper spectral estima-
tion was employed to calculate the power spectrum Ŝ f , T in
each individual window of all the selected channels. Spe-
cifically, this approach applys a set of orthogonal tapers:
ak t , k = 1,…, K to time series and minimizes variance
by averaging all the tapered and independent spectra:

Ŝk f , T = 〠
N−1

t=0
x t ak t e−2πjf t

2

, 1

where N is the length of x t and T = T1,…, Tm denotes
the time index corresponding to each 300ms window.
Then, the averaged spectrum is given:

S f , T = 1
K
〠
K

k=1
Ŝk f , T 2
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Figure 1: The behavioral task and recordings. (a) Hand grasp experimental paradigm. The trial was initiated by a red cross displayed on the
center of the screen with a verbal cue “ready.” After a random delay ranging from 2 to 2.5 s, the red cross disappeared and the gesture cue
appeared on the screen, indicating the participant to replicate the gesture shown and hold on it until the red dot came out 2-3 seconds later.
The correction of the trial was fed back by another verbal cue at the end of the trial. Three types of the gestures were displayed randomly and
equally. (b) The flexion of the data glove sensors on ring finger, index finger, and thumb. Purple dash line represented the timing when
visual cue was displayed.
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Whereas due to the fact that the power spectrum of brain
signals decreases with increasing frequency, known as a
“power law,” the changes in low frequency will dominate
over the whole frequency range. A normalization in each fre-
quency bin of the spectrum is very necessary to eliminate this
phenomenon for the observation of the power spectrum var-
iation in high frequency. Therefore, baseline power spectrum
Sbaseline f was calculated by averaging the power spectrum
obtained during the baseline period before the visual cue
across trials. Then, the frequency-resolved power spectrum
Snorm f , T during the period of task execution was normal-
ized by dividing averaged baseline power spectrum:

Snorm f , T = S f , T
Sbaseline f

3

2.5.2. Decoding.We used the Matlab Libsvm package to build
a multiclass SVM classification model and realize gesture
type classification [22]. The input features of this classifier
were the frequency-resolved power spectrum across specific
frequency bins, time bins, and channels. The corresponding
target outputs were the labels of gestures (“scissors”=1,
“rock”=2, and “paper”=3). Among them, the frequency
bins = frequency band width/frequency resolution. And time
bins spanned from [T , T +ΔT ,… , T +9ΔT], in which T was
the time of movement onset and ΔT was one time bin at the
time step of 100ms. We chose 10 time bins for the reason
that both high gamma frequency band (70–135Hz) and
low-frequency band (4–12Hz) were observed highly active
during this period as shown in Figure 2. Therefore, the
features formed a 3-dimensional matrix, where channels, fre-
quency bins, and time were the three dimensions. The final
feature of each trial was later reshaped into a 1∗n (n=num-
ber of channels∗frequency bins∗10 time bins) vector.

In offline decoding, we pooled all the trials of each indi-
vidual participant and applied a 3-fold cross validation to
the data set. The decoding performance was the average of
the percentage of correct predictions using testing data 50
times. Besides, the chance level was the result of the 95th
percentile of the decoding accuracy distribution which
contained 10,000 results generated from the testing data with
randomly shuffled labels. We used a t-test as the significance
test and calculated the p values.

2.5.3. Channel Selection Strategies. We used the single
channel selection and the greedy selection to progressively
select the n best channels offline in our study.

In the single channel selection, we first calculated the
decoding performance of each individual channel. The n best
channels were the channels achieving the n highest decoding
performances on single channel level, constituting the input
vector of SVM for training and testing.

In the greedy selection, we first picked out the channel
which yielded the best single channel performance from the
total number of channels. Then, in the next round, the
second best channel was selected which could improve the
decoding performance most when paired with the first chan-
nel. The n best channels were selected successively by repeat-
ing the process and then constituted the input vector of SVM

for training and prediction. The decoding performance satu-
rated with n channels when there was no significant increase
in decoding performance using n+1 best channels.

In this study, we also compared the decoding perfor-
mance using most neighboring 4 and 9 channels.

2.6. Real-Time Prosthetic Hand Control. The last sessions of
P1 and P2 were used to evaluate the real-time performance
of this ECoG-based prosthesis control system. The first two
blocks were used to train the SVM decoder model, and the
last block (50 trials) to evaluate the performance. This system
managed to extract the neural signal data every 100ms from
the buffer of the neural signal processing and compute the
features immediately at the time point receiving the visual
cue. Codes were written in C language. The features were
normalized by the baseline power in training data set then
translated by SVM classifier into one of the three gesture
types without cross-validation. Finally, gesture type was
interpreted into control commands sent to an artificial
hand through a serial port. The artificial hand stood by
until the commands arrived and then executed the corre-
sponding gesture in one second. This artificial hand was
designed to duplicate the human hand movements with
6 DC which drive six degrees of freedom in the artificial
hand (five fingers and the wrist).

3. Results

The data set analyzed in this study was collected from three
participants (see Materials and Methods). The trials were
selected only when they successfully met the task require-
ments stated in the Materials and Methods. Figure 3 shows
the locations of each electrode grid on the cortical surface
which were confirmed by the postoperative CT scans.

3.1. Time-Frequency Analysis and Decoding Performance.
The time-frequency plots illustrating the normalized and
averaged power spectrum of three different gestures recorded
by one representative channel of P1 are illustrated in
Figure 2(a). The time-frequency plots were aligned with the
“go” cue. The power spectrum of ECoG signals showed a
movement-related modulation during hand movement. The
power increased from the movement beginning to the
end in both high gamma frequency band (>70–135Hz)
and low-frequency band including theta frequency band
(4–8Hz) and alpha frequency band (8–12Hz). This task-
related modulation existed in similar frequency bands (high
gamma and low-frequency bands) across participants.
However, the modulation patterns of the power spectrum
in these frequency bands varied with different gesture types,
indicating that the modulation patterns might contain
exclusive information of each gesture type. Therefore, it
was highly possible to distinguish the gesture types using
power modulation patterns in specified high gamma and
low-frequency bands.

The decoding performances of all three participants are
shown in Figure 2(b). ECoG features were extracted from
low-, high gamma, and hybrid frequency bands of all chan-
nels, respectively. The offline decoding performances of all
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Figure 2: Time frequency plots of the ECoG signals and decoding performance obtained from all channels and selected channels.
(a) Normalized power spectrum of ECoG signal from a representative channel 35 over sensorimotor cortex of P1 which was averaged and
aligned with visual cue (time = 0). The frequency increases in log scale, and the color bar gives the scale of the spectrum amplitude values.
The gestures from left to right are scissor, rock, and paper, respectively. Vertical magenta bars in the subplot indicate the frequency bands
used in decoding (high gamma frequency band (70–135Hz) and low-frequency band (4–12Hz)). Black solid lines represent the averaged
grasping onset across trials, and the grey dash lines represent the averaged end timing of grasping. (b) The decoding performance of
different frequency bands (low-, high-, and hybrid frequency band, from left to right) using all channels (left column). The performances
of hybrid frequency band are significantly higher than that of high frequency band in P1 and P2 (p value < 0.01), and both the
hybrid and high frequency decoding results are higher than low frequency in all participants. The black dash line represent the
chance level.
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participants in different frequency bands were significantly
above the chance level, and the performance could reach to
nearly 90% of both P1 and P2. The hybrid decoding results
significantly outperformed the other two frequency bands,
and high-frequency decoding results significantly outper-
formed the low-frequency performance in all the conditions
except the performance of all channels in P3 (t-test, p < 0 01).

3.2. Channel Selections and Anatomical Patterns. In this
study, the single channel selection was first employed to intu-
itively select the channels with highest decoding accuracy
(see Materials and Methods). Figure 4 plots the decoding
performances varied with channel numbers based on single
channel selection, and they are saturated with 9, 10, and 8
channels in each respective participant. It could be found that
using single channel selection, many plateau points occur
before the decoding performance reached to a saturated
point, indicating that there is some movement-related infor-
mation redundancy among these selected channels. Figure 5
maps these selected channels to the implanted electrode
grids. Except for a few channels, the general distributions of
these channels present a pattern which can be categorized
as clustered.

To reduce the redundancy brought about by single chan-
nel selection and select the most contributive channels, we
further tried the greedy selection. Decoding performance of
all the participants displayed a trend of fast increase at the
beginning and then saturated after a certain number of chan-
nels were added as shown in Figure 4 using greedy selection.
Notably, the decoding performance using four best channels
selected by the greedy algorithm reached to their saturated
points in all three participants, which were 85.7%, 84.5%,
and 69.7%, respectively. Although their performances were
slightly lower than those obtained from all the channels,
the decoding performances were no longer significantly
improved when much more additional channels were added
into the subsets. Furthermore, the greedy selection showed

significantly higher and stable performance than the single
channel selection algorithm did when the same number of
channels was used for the neural decoding. It inferred that
the greedy selection algorithm was much more appropriate
and effective for selecting the minimal number of channels
than the single channel selection. Furthermore, we found that
most of these selected channels are clustered together and
distributed along the central sulcus (shown in Figure 5).
For P1 and P2, the selected channels situated mainly in
the precentral gyrus except one in the postcentral gyrus.
All of the channels were next or very close to the central
sulcus at the maximal distance of two electrodes spacing.
For P3, all selected channels were located at the site of
precentral gyrus and group together except one channel
away from the others.

3.3. Decoding Performance Using Nearest Neighboring
Channels. In the above results from all three participants,
we found that the saturated decoding performance could be
achieved by only a few number of the best channels selected
by the greedy algorithm. This saturated performance is very
close to that obtained with the neural signals from all chan-
nels. It is worth noting that the best three or four channels
selected by the greedy algorithm are spatially close to each
other and most of them were located near to the central
sulcus. It suggested that the ECoG signals from these neigh-
boring channels along the central sulcus might contain the
most information about the difference between three types
of gestures. Therefore, we tried to investigate whether such
a subset of neighboring electrodes from a small subregion
of ECoG grid could provide enough neural signals for
distinguishing three gestures by evaluating the decoding per-
formance of the nearest neighboring 4 and 9 channels.
Figure 6(a) illustrates the highest decoding performances
with different channel selection strategies (neighboring 4,
neighboring 9, and greedy algorithm). All three strategies
for channel selecting achieved promising performance,

Upper limb area (motor) Upper limb area (sensory)
Selected channels Central sulcus

3P2P1P

Figure 3: The locations of the subdural ECoG electrodes and their results of cortical electrical stimulation. Red dots indicate the
locations of electrodes over primary motor cortex. Green dots indicate the locations of upper limb areas over primary sensory cortex.
Purple circles represent the channels selected by greedy algorithm (see Channel Selections and Anatomical Patterns). Blue dash lines
mark the central sulcus.

6 Behavioural Neurology



which was significantly higher than the chance level. In P1
and P2, the decoding performances of three strategies were
all above 82% and very close to each other. No significant
difference was found among three strategies in P2. Although
the decoding performance of the greedy algorithm is signifi-
cantly higher than that of the neighboring 4 selection in P1,
the difference between them was less than 4.0%. A general
spatial pattern emerges, as Figure 6(b) shows that most of
the channels selected by the greedy algorithm and by the
neighboring 4 channels are also included in the square of
optimal neighboring 9 channels and the channels are distrib-
uted along the central sulcus.

The results of both greedy and neighboring channel
strategies consistently demonstrate here that the channels
for hand gesture decoding could be restricted to the area
of 3∗ 3 square (approximately 4 cm∗ 4 cm) when using
clinical subdural electrodes with a high decoding accuracy.

3.4. Synchronous Real-Time Prosthetic Hand Control. In
order to further assess the feasibility of this online grasping
BMI, we applied the real-time ECoG-based control system
using an artificial hand to P1 and P2. The system collected
the neural data every 100ms from the Neuroport System
buffer, extracted, and decoded features in real time on a
personal computer (see Materials and Methods). A SVM
classifier with the selected channel subset, hybrid frequency
bands, and time lag learned from the offline analysis was
trained using the first two blocks in that session and pre-
dicted gesture type in the last block. Classification results

were interpreted into commands and sent to the artificial
hand by a serial port communication protocol. A representa-
tive epoch of the prosthetic hand status of P1 containing 7
trials is depicted in Figure 7. The decoding accuracy in that
entire block was 82% (41/50). And the decoding accuracy
in P2 achieved 80% (40/50).

4. Discussion

Clinical ECoG signals from the sensorimotor cortex have a
good temporal and spatial resolution to represent and
discriminate hand gesture types. However, instead of long-
term chronic implantation, most of the existing ECoG elec-
trode grids for signal recording are customized mainly for
epileptic focus localization and implanted temporarily. In
the current study, satisfying decoding performance could be
achieved by only a few and clustered channels from a small
area rather than all channels on the grid in all three par-
ticipants. And a real-time ECoG-based prosthesis control
system was implemented with a small subset of channels.

Many previous studies have demonstrated that high ges-
ture decoding performance could be achieved by using ECoG
signals [12–14]; only a few of them considered the possibility
of striking a balance between decoding performance and the
number of channels when decoding hand gesture types.

In the 2D arm movement decoding, Milekovic et al. [19]
tried the channel selection strategy of paired channels, neigh-
boring three or four channels to search for the maximum
decoding accuracy in a subregion of grids. They pointed
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out that it was sufficient to extract and decode the movement
information with the recorded neural signals only from a
rather small relevant cortical region.

In this study, we first examined the relationship between
the decoding performance and the number of channels for
decoding in two channel-selecting strategies. The decoding
curves of the single channel selection and the greedy selection
both show a rising beginning. Then, the decoding perfor-
mances were saturated after a small subset of channels was
progressively added. These trends are significantly obvious
for the greedy algorithm in all three participants. Our results
demonstrated that in the hand gesture decoding, a small
subset of channels could also achieve high decoding perfor-
mance close to that of all channels.

To further examine the spatial layout of the channels
selected by two strategies, we mapped the channels to the
electrode grids placed on cortical surface. A general spatial
layout emerged that the selected channels clustered in a small
group and distributed along the central sulcus. Our results
are consistent with the findings of Chao et al. [4] who also
found that the best decoding performance of muscle activity
and that of the hand trajectory are efficiently generated by the
electrodes close to the central sulcus. This result also supports

the findings of Milekovic et al. and expands their application
to the hand gesture decoding by using ECoG signals from a
rather small relevant cortical region.

Furthermore, we found that most of the selected channels
were distributed along the side of the postcentral gyrus in two
participants. Pistohl et al., Chestek et al., and Wang et al.
also showed that high classification of gesture types could
be obtained from the channels on the postcentral gyrus
[12, 15, 23]. It is worth noting that Wang et al. managed to
decode 3D arm movement with the ECoG signals obtained
from the postcentral gyrus of a paralyzed participant, who
cannot move his limbs at all [24]. Therefore, it suggested that
the activation of the postcentral gyrus played an influential
role in hand movement. This phenomenon is probably due
to the motor control copy or the force-related feedback.
Moreover, we found that there were some adhesions between
the dura and skull above the primary sensory cortex in P3,
which brought difficulties in implanting the electrode grid.
Therefore, no electrodes were located in the postcentral
sulcus. It was also observed that the quality of the neural
signals was much noisier than those of the other two.
We suspected these above-mentioned facts led to inferior
decoding performance of P3. Besides, previous researchers
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showed that the activated cortex of the sensory-motor area
was clustered during the movement of different fingers and
wrist. But this kind of grouping tend to be varied with the
movement types. Our results showed that during the hand
gesture movement, the selected channels were clustered

along the central sulcus, especially in the postcentral area.
But further investigation was required to understand whether
it also applies to other complex movement tasks.

We also observed that the decoding results of the selected
channels (P1: 85.7%, P2:84.5%, and P3:69.7%) were slightly
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performance with optimal channel subsets using different channel selection strategies of all the three participants.
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lower than the results of using all the channels in P1 (88.7%)
and P2 (87.6%) and even significantly higher in P3 (59.8%).
The small channel subset had a good approximation of
the performance obtained with all channels (shown in
Figures 2(b) and 6(b)) using greedy selection. These differ-
ences might be related to the fact that instead of calculating
all the possible combinations to search for a global optimum,
the greedy algorithm yields local optimum at each stage. In
this study, we used greedy selection and took the decoding
performance of the SVM-decoder as the evaluation criteria
to select clustered channels and minimize the electrode cov-
ering. In terms of greedy selection, this method works faster
and implements easier than other optimization methods
for no exhaustive operation on all data was needed. How-
ever, as far as multiclass SVM was concerned, more decoder
models could be employed and investigated to reduce the
dimensions of feature space for further optimizing the
decoding performance, such as sparse SVM. Most impor-
tantly, the number of electrodes could be reduced from 32
to 4 and the region could be restricted into a much smaller
area of 4 cm∗ 4 cm. This investigation could further benefit
the development of wireless Bluetooth devices for neural
signal transmission.

Features were extracted from hybrid frequency bands
(4–8Hz, 8–12Hz, and 70–135Hz) in this study. The hybrid
frequency bands yielded higher decoding accuracies than
either high- or low-frequency band in both P1 and P2, indi-
cating that both low- and high-frequency bands contained
different movement-related information. It was also found
that the high-frequency band significantly outperformed
low-frequency band in all participants, which suggested that
high frequency played a much more important role in hand
gesture classification. However, the decoding performance
in high gamma band dropped dramatically in P3. This result
might also be explained by the much noisier signals of P3
since the high-frequency signal was much more sensitive to
the noise. As shown in Figure 2(a), the movement-related
frequency range was not just limited to the selected frequency
range. The frequency range could extend to 200Hz in P2 and

P3 and even up to 300Hz in P1, consistent with the charac-
teristic of board band in the previous research findings
[25]. Although the ultrahigh frequency bands are not
included in our decoding system, they might contain addi-
tional useful information and be useful to decode the finer
hand movements. On the other hand, the beta frequency
band ranging from 12 to 30Hz shows a movement-related
power suppression in our study. Although this band is less
specific to hand gesture types as previous studies showed
[13], its movement-related activation could be potentially
employed in movement onset detection. The further and
detailed analysis on the movement-related features would
help to design a more advanced BMI. In addition to the fea-
tures in frequency domain above, the features in the time
domain, such as local motor potential [6] or simply averaged
ECoG, have been widely supported by accumulated evidence
that they might be promising neural features in BMI. It is
worth for further examinations before they are applied to
the ECoG-based prosthetic hand control.

Additionally, as displayed in Figure 3, the selected
channels were all located inferior to the corresponding
functional channels identified by cortical stimulations.
One possible reason might be related to that the electrical
stimulation which was conducted for sensorimotor locali-
zation was coarse during the examination. In addition,
the channels for hand gesture decoding could be restricted
to the area of 4 cm∗4 cm. And other documents showed
that the edges of the hand-related area including palm
and five fingers in the somatosensory cortex also spanned
approximately 4 cm. However, more researches are needed
to investigate whether the area of selected channels consis-
tently corresponds to some functional regions across partici-
pants. Many functional neuroimaging techniques could be
adopted, such as functional magnetic resonance imaging
and magnetoencephalography, to precisely localize the place-
ment of ECoG electrode grids and the projected fields of each
functional electrodes.

Finally, we have shown that the synchronous hand
gestures could be decoded using an ECoG-based real-
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time control. However, when applied it into daily life, it
might be unnatural because most of the movements are
controlled by voluntary modulations without a particular
hint at a particular “go” cue [24]. Therefore, in the future,
an asynchronously BMI which starts or releases at will
might be more feasible and suitable to realize a natural
and practical hand movement. Currently, some of the
researchers found that the grasp intentions were repre-
sented by certain neural activity patterns. They also proved
that this intention could be detected from the sensorimo-
tor cortex [23]. These studies were only limited to few
participants and it is unclear whether it is the same to
multiple hand gestures classification. Furthermore, theoret-
ically, the release of the gesture could also be detected for
it is another kind of hand-shaping movements, but in prac-
tice, it needs more careful examinations for distinguishing
it from the neural activity in a hand-shaping period.

5. Conclusion

In this study, we explored the feasibility of implementing an
ECoG-based BMI which could decode real-time three hand
gestures and control an artificial hand. Three participants
with ECoG electrode grids placed over the sensorimotor cor-
tex were involved. To achieve minimal craniotomy, several
strategies were employed to select the subset of channels. A
general spatial distribution of these selected channels was
showed as clustered along the center sulcus. With the selected
channels, high decoding performance was maintained. It is
expected that this results would help to translate BMI
application towards practical and clinical realization.
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Here, we aimed to compare the unstable gait caused by unilateral vestibular hypofunction (UVH) with the normal gait. Twelve
patients with UVH and twelve age-matched control subjects were enrolled in the study. Thirty-four markers were attached to
anatomical positions of each participant, and a three-dimensional (3D) motion analysis system was used to capture marker
coordinates as the participants walked on a treadmill. The mean standard deviation of the rotation angles was used to represent
gait variability. To explore gait stability, local dynamic stability was calculated from the trunk trajectory. The UVH group had
wider step width and greater variability of roll rotation at the hip than the control group (P < 0 05). Also, the UVH group had
lower local dynamic stability in the medial-lateral (ML) direction than the control group (P < 0 05). By linear regression
analysis, we identified a linear relationship between the short-term Lyapunov exponent and vestibular functional asymmetry.
The result implies that UVH-induced asymmetry can increase posture variability and gait instability. This study demonstrates
the potential for using kinematic parameters to quantitatively evaluate the severity of vestibular functional asymmetry. Further
studies will be needed to explore the clinical effectiveness of such approaches.

1. Introduction

Gait stability requires a complex set of sensorimotor controls
[1, 2], including sensory inputs, integration of sensory inputs,
and motor outputs [3, 4]. Vestibular sensory inputs play an
important role in motion acceleration and body orientation
[5, 6]. Yamamoto et al. found that participantswalked towards
the stimulated side after ice water irrigation to the unilateral
external auditory canal and noted that the regulation of
dynamic head and trunk movement in the medial-lateral
(ML) direction was via the horizontal semicircular canals [7].
Besides that, galvanic vestibular stimulation (GVS) has also
been used to explore the contribution of the vestibular
system during locomotion. Trunk variability and trajectory
deviation increased with the onset of GVS [8, 9]. There-
fore, we can infer that unilateral vestibular hypofunction

(UVH) might affect motor output through the vestibulosp-
inal reflex (VSR) pathway and cause gait disorders.

Gait analysis provides useful information about the
physiological status of patients with gait disorders and has
been widely applied in the evaluation of osteoarthritis and
nervous diseases such as Parkinson’s disease [10–12]. Mills
et al. explored the relationship between joint angle asymme-
tries and the progression of knee osteoarthritis [10]. In
Parkinson’s disease, gait freezing was observed in patients
during turning walking [13]. Kinematic variability has been
widely used to reflect rhythmicity [10, 14–16]. Gait analysis
of patients with small vestibular schwannomas manifested
that phase-related variability was associated with the severity
of vestibular impairment [17]. To achieve gait stability, body
segments should be coordinated with each other to keep the
body moving forward smoothly [18].
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The short-term Lyapunov exponent, as a nonlinear-time
analysis indicator, has been used to quantify the local
dynamic stability of a gait pattern [19–22]. Local dynamic
stability of walking represents the sensitivity of gait to
infinitesimally small perturbations [23, 24] and has been
applied to represent fall risk in older people and patients with
diabetic neuropathy [19, 21]. Higher short-term Lyapunov
exponent indicates greater exponential divergence of gait
trajectories, resulting in higher fall risk [25].

However, few nonlinear measurements have been
applied to quantify the gait of patients with UVH, and the
relationship between the vestibular functional asymmetry
and gait disorders remains unclear. Here, we aimed to inves-
tigate the gait pattern of patients with UVH by analyses of
kinematics and local dynamic stability. Linear regression
analysis was used to investigate the relationship between
vestibular functional asymmetry and gait disorders.

2. Materials and Methods

2.1. Subjects. Twelve patients (4 females and 8 males, age:
58.0± 10.9 years) with UVH were recruited in the UVH
group as well as twelve healthy volunteers (3 females and
9 males, age: 58.8± 12.9 years) in the control group,
matched according to age. The leg length of the UVH
group (0.92± 0.04m) was matched with that of the control
group (0.91± 0.07m) to eliminate the impact of body size
on gait parameters [26]. The experimental protocols were
approved by the Ethics Committee of the Sun Yat-sen
Memorial Hospital and all subjects provided with informed
consent. All the participants underwent vestibular function
tests at the Sun Yat-sen Memorial Hospital, and twelve
patients exhibited pure unilateral vestibular deficit. Unilat-
eral vestibular dysfunction was determined by the caloric
test, in which the canal paresis (CP) value reflects the degree
of asymmetry of bilateral vestibular function. CP value
greater than 20% was considered indicative of unilateral
vestibular dysfunction. The average asymmetry of bilateral
vestibular in the UVH group was 47.06% (ranging from
24.59% to 89.01%). None of the patients suffered from severe
vertigo (which might impact the gait pattern) during the
week before the test. Among these subjects, 7 patients
reported a falling tendency during locomotion. The UVH
patients showed clear cognitive status, normal visual status,
sound cardiopulmonary function, and no rheumatoid arthri-
tis or osteoporosis according to their past medical history.
The normal subjects showed clear cognitive status, normal
visual status, and no history of fall. The results of vestibular
function examination in the control group were negative.
Participant information is shown in Table 1.

2.2. Experimental Setup. Vestibular function was evaluated
by the Fitzgerald and Hallpike bithermal caloric test [27]. A
video-based system (Ulmer VNG, Version 1.4, Synapsys,
Marseille, France) was used to record the nystagmus after
each irrigation of 30° or 44° air to the unilateral side of the
external auditory canal. The maximum slow speed phase of
nystagmus was used to calculate the unilateral vestibular
canal paresis (CP) using Jongkees’ formula [28].

In the experiments, a total of thirty-four retroreflective
9.5mm markers were attached to the anatomic positions of
the subjects (Figure 1). The 3D coordinates of the marker
trajectories were recorded using a six-camera optical motion
capture system sampling at 120Hz (OptiTrack, NaturalPoint
Inc., OR, USA, Flex 13). Subjects were instructed to walk on a
treadmill (2m× 0.5m, BH Fitness, NSW, Australia) for at
least 50 strides. Each subject was tested at their preferred
walking speed (PWS) to eliminate the influence of speed on
gait stability [29]. The subjects were required to look forward
and stare at the white screen during treadmill walking.
Sufficient but not dazzling light environment should be
ensured to minimize the interindividual difference caused
by visual information. The subjects wore standard laboratory
shoes during the test. The participants were given sufficient
time to become comfortable with walking on the treadmill
before gait pattern data was collected. During the procedure,
the experimenter stopped the treadmill if the subject encoun-
tered any sort of difficulty.

2.3. Data Processing. The raw data of coordinates was low-
pass-filtered with a cut-off frequency of 2Hz by a zero-lag
Butterworth filter [20]. Kinematic parameters (e.g., stride
width and cadence) were defined by the position of the
markers located on the heel and big toe. A complete stride
was defined as the time between heel contact with the surface
and the subsequent contact on the same side. The range of
motion (ROM) was calculated from the difference between
the maximum and minimum joint angles. The standard devi-
ation (SD) between gait cycles was calculated for the trunk
and hip kinematics to reflect the dispersion degree of motion.

Nonlinear time series analysis was applied to quantify
the local dynamic stability of the gait pattern based on
state-space representation of each time series [29, 30].
The nonlinear time series of trajectories was collected
when the participants were walking continually on the tread-
mill. The marker attached to T1 was chosen to represent
the whole body, and the trajectories of the T1 marker in
anterior-posterior (AP), medial-lateral (ML), and vertical

Table 1: Participant information.

Number Sex Age Diagnosis
Vestibular functional asymmetry

Canal paresis (%)

(1) F 59 MD 34.47

(2) F 66 TA 63.35

(3) M 52 MD 25.1

(4) F 60 MD 26.95

(5) M 61 SD 42.2

(6) M 62 SD 70.18

(7) M 69 MD 45.32

(8) F 68 MD 89.01

(9) M 65 MD 24.59

(10) M 53 MD 58.43

(11) M 52 MD 59.84

(12) M 29 MD 25.23

The description of information and clinical vestibular measures in the UVH
group. MD: Meniere’s disease; TA: tinnitus aurum; SD: sudden deafness.
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(VT) directions were taken as three one-dimensional ran-
dom time series. According to Takens’s theory [31], each
one-dimensional temporal-spatial series was reconstructed
to higher dimensional state space S t using time-delayed
copies. A valid state space is any vector space containing
numerous independent coordinates.

S t = x t , x t + τ ,…, x t + n− 1 τ T , 1

where x t , the one-dimensional random time series, was
time-normalized using a shape-preserving spline interpola-
tion. The 50 contiguous strides were resampled to 10,000
data points by interpolation, and τ was time delay chosen
as 50 sample copies [32, 33]. n represents the embedding
dimension, which was set as 5 according to a previous study
that had applied a global false nearest neighbor (GFNN)
analysis [20] to determine the minimum number of embed-
ding dimensions to fully unfold the one-dimensional data.
In the state space, the Euclidean distances between neighbor-
ing trajectories (di t ) diverge at an exponential rate, which is
quantified by the Lyapunov exponent (λ1), and the definition
of (λ1) is shown as (2)

di t =Deλ1t , 2

whereD is the initial separation displacement between trajec-
tories and di t represents the mean displacement between
neighboring trajectories in the reconstructed state space at
time t. According to a previously published algorithm [34],
for each point i in the state space, di t was measured for each
pair of the nearest neighbors over 10 subsequent strides.
When t→∞ and D→ 0 at the same time, taking the
natural log of (2) results in (3):

In dj i = λ1△t 3

λs is estimated from the slopes of linear fits for a period
of 0 to 1 stride (△t); the higher λs implies the poorer local
dynamic stability of the gait pattern.

All the data values were presented as mean± SD. Signifi-
cant differences in joint angle, rotation angle, λs between the
UVH and control groups were determined by independent
samples t-test. Also, linear regression analysis was performed
to test the relationship between the gait parameters and CP
value. Differences were considered statistically significant
if P < 0 05. The data was calculated from coordinates of
markers by MATLAB (version 2013a, The MathWorks
BV, Natick, USA). All statistical analyses were performed
using SPSS (version 22.0, SPSS Inc., Chicago, USA).

3. Results

Table 2 shows the differences between the UVH and control
group in PWS, stride width, cadence, and angular range of
joint motion. Significantly wider stride width was observed
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Figure 1: Location of the 34 anatomic markers and defined direction of movements used in this study. The trunk segment was represented by
marker 6 (first thoracic vertebrae, T1), marker 7, and marker 8. The hip segment was represented by marker 19, marker 20 (anterior superior
iliac spine, ASIS), and marker 22. The positive x-axis is the direction of walking, the positive y-axis is the left direction, and the positive z-axis
is upward.

Table 2: Kinematic characteristics (mean± SD) of the UVH and
control groups. Asterisks indicate a significant difference (P < 0 05)
between the two groups. Stride width was normalized to the hip
width of each subject.

UVH group Control group P value

PWS (km/h) 1.91± 0.35 2.22± 0.83 0.12

Normalized stride
width (%)

0.79± 0.05 0.74± 0.06 0.03∗

Cadence (steps/min) 0.79± 0.07 0.84± 0.10 0.18

Range of knee
motion (deg)

50.83± 6.85 52.27± 7.33 0.63

Range of ankle
motion (deg)

17.57± 2.54 21.47± 5.64 0.04∗
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in the UVH group than the control group (P < 0 05). The
ankle motion exhibited significantly less flexibility in the
UVH group than in the control group (P < 0 05). No other
differences were found between the two groups.

Higher gait variability was observed from the mean SD of
rotation angle in the UVH group than the control group,
especially on the coronal (side-to-side) plane of hip motion.
The roll rotation variability was significantly higher in the
UVH group than the control group (P < 0 05). No other sig-
nificant differences in rotation angle were detected (Figure 2).
The λs of the UVH group was significantly higher than that
of the control group in the ML direction (P < 0 05). The λs
in the AP and VT directions was not significantly different
between the groups (Figure 3).

Linear regression analysis was used to estimate the
relationship between motor output parameters (mean SD of
rotation angles and λs) and CP. We identified significant lin-
ear trends between λs and CP in the AP direction (P < 0 05,
R = 0 41) but not in the ML or VT directions. No other
significant linear relationships were found between mean
SD of rotation angles and CP (Figure 4).

4. Discussion

The vestibular apparatus can detect motion of the head and
generate a sensory input to the sensorimotor control, which
plays an important role in adjusting stride-to-stride limb
trajectories, thereby maintaining balance and smoothing
unintended irregularities during walking [19]. Here, kine-
matic variability and the local dynamic stability of walking
were used to quantify the impact of vestibular impairment
on the gait pattern. We found that UVH participants
expanded their stride width and reduced ankle joint motion

range to cope with the feelings of instability or dizziness.
Similarly, in visually and mechanically destabilizing environ-
ments, normal subjects exhibited shorter and wider steps as a
result of the interferential visual and proprioceptive input
[35]. Therefore, this kind of “cautious gait mode” may be a
coping strategy shared across various sensory input errors.
Elderly adults that adopt a “cautious gait mode” have higher
acceleration variability and fall risk [11, 21, 25]. Here, the
stride-to-stride variability of the roll rotation of the hip joint
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was also significantly higher in the UVH group than the
control group (Figure 2). The hip, as a connection joint
between the upper body and the lower limb, supports the
mass of the body and thus plays an important role in gait
performance. The vestibular system contributes important
information to regulate the motion in the ML direction,
and the unilateral vestibular hypofunction may be predomi-
nantly responsible for impaired stability in the coronal plane
[36, 37]. Thus, the roll rotation in the hip joint was sensitive
to the bilateral vestibular inputs and inevitably affected the
motion of the lower limb [7], which was consistent with the
finding in our study. Higher variability was associated with
more unstable gait in several studies, which indicates increas-
ing fall risk of gait in several studies [18, 38, 39]. However,
lower variability has also been associated with the unstable
gait with the impaired mobility, for example, in cases where
individuals are unable to make adequate adjustments in
response to changes in the environment. Maki reported
decreased step width variability in fall-prone subjects
[39]. Similarly, Bruijn et al. reported a lower variability
of trunk accelerations in the ML direction in frail elderly
subjects compared to healthy elderly subjects [24]. Fur-
thermore, Dingwell and Marin found the greater
variability of kinematics at both faster and slower walk-
ing speeds [29], whereas Kang and Dingwell proposed
that fall risk would increase with walking speed [22].
Taken together, the above-mentioned studies implied

that variability of kinematics might not directly associate
with fall risk.

Local dynamic stability has been used to assess fall risk
associated with unstable gait and reported as having excellent
validity [19, 29]. The local dynamic stability adopted here
quantifies how the neuromuscular system responds to local
perturbations (of either internal [e.g., neuromuscular] or
external [e.g., the wind, surface friction, or uneven surfaces]
sources) during gait [24]. During the long walking period,
the loss of gait stability is a gradual process that accumulates
small perturbations until eventually overcoming a normal
gait mode. Thus, local dynamic stability (i.e., λs) can be used
to characterize fall risk. In the ML direction, patients in this
study showed significantly poorer local dynamic stability of
walking than control participants (Figure 3); the patients
with UVH were more sensitive to the perturbations due to
sensory hypofunction. After the vestibular injury, vestibular
cues cannot be normally integrated with visual and somato-
sensory cues, producing errors in the processing of sensory
inputs in the central nervous system [6, 40]. Local dynamic
stability was different between the two studied groups in
the ML direction, but not in the AP or VT directions. This
finding is in line with the previous studies that lateral gait
stability was associated with asymmetry of bilateral sensory
inputs [7, 21]. However, Dingwell et al. [19] and Dingwell
and Cavanagh [41] found the opposite results in patients
with diabetic neuropathy. The slow progression of diabetic
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neuropathy provides a long period for patients to develop
compensation mechanisms for a range of local perturbations,
whereas the acute nature of vestibular hypofunction can lead
to sudden neuromuscular control errors, with which the
patients are unable to cope. Similarly, the local dynamic
stability of normal subjects decreases when confronted with
sudden environmental or sensory perturbations [7, 8, 20].
Therefore, it seems reasonable that acute UVH patients
exhibit poorer local dynamic stability and thus have higher
fall risk.

We identified a significant correlation between CP and
λs in the AP direction but no such correlation in the ML
direction (despite patients having significantly poorer local
dynamic stability in the ML direction). This may be due to
the limited number of participants in this study. The
variability of rotation angle and λs showed the increasing
trends with increasing vestibular functional asymmetry
which reflect they can be applied clinically in the char-
acterization of gait disorders for UVH patients. The lim-
itation of this study is that gait on treadmill is not equal
to natural gait over ground. The influence of vestibular
impairment on gait patterns may not entirely exhibit
during treadmill walking. Besides that other sensory inputs
may still affect gait patterns, visual or somatosensory infor-
mation could conceal the effect of vestibular functional disor-
ders. The overground gait analysis of patients with visual
deprivation should be designed in the future to explore
the vestibular contribution without the effect of other
sensory information.

5. Conclusion

Here, we verified the linear relationship between vestibular
functional asymmetry and local dynamic stability. Variability
and local dynamic stability might be useful for assessing the
degree of vestibular functional asymmetry, and more subjects
should be involved in further studies to investigate the
relationship between vestibular functional asymmetry and
gait disorders.
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On a voluntary basis, 10 adolescents with hemiparesis due to cerebral palsy and 11 neurologically healthy control subjects
participated in this proof-of-concept pilot study. The aim was to examine the effects of robot-assisted training for the
unaffected arm in patients with hemiparetic cerebral palsy. Baseline comparison between the unaffected arm of the
hemiparetic patients with cerebral palsy and the dominant arm of healthy control subjects showed significant differences
on the Jebsen-Taylor Hand Function test and action planning ability tests. Within-group comparison after ten 30-minute
sessions (five days a week for two consecutive weeks) of robot-assisted training for the unaffected arm showed significant
improvements in patients with cerebral palsy on the Jebsen-Taylor Hand Function test (performed at both hands) and
action planning ability test (evaluated at the unaffected arm). Our findings are in line with previous evidences of action
planning deficits at the unaffected arm in patients with hemiparetic cerebral palsy and support the hypothesis that robot-
assisted training for the unaffected arm may be useful to improve manual dexterity and action planning in patients with
hemiparesis due to cerebral palsy.

1. Introduction

Cerebral palsy (CP) is themost commoncondition of all child-
hood disabilities, affecting about 2.0–3.5 live births out of 1000
in theUnited States [1]. It encompasses aheterogeneous group

of neurodevelopmental conditions that primarily present as
disorders of movement and posture, often accompanied by
epilepsy, secondary musculoskeletal problems, and impaired
sensation and cognition [1, 2]. By definition, CP results from
abnormal brain development and/or brain damage that is
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nonprogressive and occurs during very early development
[1–3]. Symptom onset occurs during early childhood (typi-
cally before 18 months of age, with diagnosis confirmed,
on average, at 13–19 months) [3].

The most common form of this condition is hemiparetic
CP, which alters use of one hand by impairing contralesional
motor output [3–8]. Patients with hemiparetic CP may expe-
rience difficulty in executing movements at the affected arm,
such as increased number of submovements, stereotyped
shoulder-elbow recruitment order, and variability of hand
trajectories, with movement patterns characterized by the
application of inappropriately coordinated grip and lift forces
[7, 8]. Current research suggests that motor impairments in
patients with hemiparetic CP result from damage to the cor-
ticospinal tract, as well as from impairments of sensorimotor
pathways and motor action planning [3].

Themain current approaches to upper limb rehabilitation
in patients with hemiparetic CP are modified constraint-
induced movement therapy and bimanual intensive therapy
for improving movement execution deficits mainly through
motor learning concepts [3, 9, 10]. Robot-assisted training is
an emerging modality for CP rehabilitation that uses robotics
to aid movement of the limbs during exercises [3]. It allows
participants to experience a large amount of repetitive, goal-
directed, movements in association with sensory feedback in
an attractive environment, which are necessary for improving
motor function in patients with CP [11–17]. As to its mecha-
nism of action, robot-assisted upper limb practice has been
shown to facilitate motor skill acquisition through enhanced
sensorimotor control by improvingmotor planning processes
[18]. This is in accordance with previous literature reporting
that robot-guided practice of upper limb reachingmovements
primarily influencesmotor planning rather than onlinemotor
control mechanisms [18].

Motor planning is fundamental to obtaining optimal task
performance and selecting the most appropriate movement
strategy [4]. It refers to the ability to anticipate the upcoming
action when preparing a movement towards an object (e.g.,
to pick up objects smoothly, planning of grasping and
manipulation is necessary as the object’s weight and
center of mass can only be determined after it has been
lifted) [11, 19]. In particular, when something is grasped,
the selection of an appropriate grip is critically dependent
on the subsequent action that needs to be performed with
the object [19]. The planning of forces is thought to be based
on internal models of the object’s physical properties gained
during previous manipulation with the same objects [11, 19].
Impaired anticipatory control in CP is probably due to an
altered internal representation of the movement as a result
of the limited ability to integrate sensory information with
motor output [11]. This notion is further confirmed by the
growing evidence for the presence of anticipatory planning
deficits also at the unaffected upper limb of patients with
hemiparetic CP [4, 7, 8, 19, 20].

Children with hemiparetic CP are noted to more appro-
priately plan fingertip forces when lifting an object with their
affected hand after performing several lifts with the unaf-
fected hand immediately before [21, 22]. This suggests that
object information is transferred in a feedforward fashion

from the unaffected to the affected hand in children with
hemiparetic CP [11, 23]. On this basis, and according to
the concepts described so far, there is a rationale for the
application of robot-assisted training on the unaffected
arm to improve motor action planning and reduce senso-
rimotor impairment in patients with hemiparetic CP [23].
The aim of the present study was to obtain proof-of-
concept of these hypotheses by examining the effects of
robot-assisted training for the unaffected arm in patients
with hemiparetic CP.

2. Methods

On a voluntary basis, 10 patients with hemiparesis due to
CP (4 with left hemiparesis and 6 with right hemiparesis;
mean age, 14.5 years) and 11 neurologically healthy control
subjects (all right-handed; mean age, 14.2 years) partici-
pated in this single-center proof-of-concept pilot study.
To characterize patients with hemiparetic CP in terms of
hand function, we used the Manual Ability Classification
System (MACS) that describes five levels of ability to han-
dle objects in daily activities: level I—handles objects easily
and successfully; level II—handles most objects but with a
somewhat reduced quality and/or speed of achievement;
level III—handles objects with difficulty and needs help to
prepare and/or modify activities; level IV—handles a lim-
ited selection of easily managed objects in adapted situa-
tions; level V—does not handle objects and has severely
limited ability to perform even simple actions [24, 25].
The characteristics of sample are presented in Table 1.

The parents of patients and control subjects provided
signed informed consent for participation in the study. The
study was carried out according to the Declaration of
Helsinki and approved by the local ethics committee of our
institution. During the study period, patients were asked to
refrain from engaging in any form of physical therapy or
home exercise program other than that scheduled in the
study protocol.

2.1. Treatment Procedures. After baseline evaluation, all
patients with hemiparetic CP took part in a robot-assisted
training program for the unaffected arm consisting of ten
30-minute sessions, 5 days a week (from Monday to Friday),
for 2 consecutive weeks. Robot-assisted arm training was
carried out on an ARMEO® Spring System (Hocoma AG,
Volketswil, Switzerland), which is a spring-instrumented
exoskeleton with seven degrees of freedom and one pressure
sensor [17]. Springs provide passive arm weight support and
guidance (stiffness can be adjusted to different levels of grav-
ity support and muscular involvement, enabling subjects to
achieve a large range of motion within a three-dimensional
workspace with their own residual functionality). The
ARMEO exoskeleton can be adapted to the patient’s mor-
phology by changing the position and length of the orthosis
(we used a pediatric version of the device). A pressure-
sensitive handgrip allows for grasp training.

The patients with CP performed sets of exercises under
the supervision of a physiotherapist. The exercises were
individualized to the needs of each patient and selected to
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provide an engaging and gradual training experience with
increasing difficulty. Each 30-minute training session was
divided in two parts: 15 minutes of passive exoskeleton
training and 15 minutes of task-oriented exercises based
on reaching, manipulation, grip selection, grasping, and
lifting activities. During passive exoskeleton training, the
exercises involved different joints of the unaffected arm
(the shoulder, elbow, and wrist) with predetermined (sep-
arated or combined) movements (flexion/extension, abduc-
tion/adduction, and pronation/supination) performed in a
one-dimensional, two-dimensional, or three-dimensional
environment with increasing demand on accuracy or speed.
As to the “virtual” task-oriented exercises, the patients per-
formed functional tasks of increasing difficulty that involved
several different activities performed with their unaffected
arm, such as breaking eggs, cleaning a surface, posting a
letter, or watering flowers [17].

2.2. Evaluation Procedures. Patients with hemiparetic CP
were evaluated before (T0) and immediately after treatment
(T1). Healthy control subjects were evaluated only at base-
line. The same rater evaluated all participants.

2.2.1. Outcome Measures. The Nine-Hole Peg test (NHPT)
assesses hand dexterity. It requires taking 9 pegs from a
container and placing them into 9 holes on a board and
vice versa as quickly as possible [26–28]. Both arms of

patients with hemiparetic CP and healthy controls were
tested. The score was the time taken to complete the test
activity [26–28].

The Jebsen-Taylor Hand Function test (JTHF) is a
standardized test for assessing a person’s overall hand
function. It consists of seven subtests (writing sentences,
simulated page turning, lifting small objects, simulated
feeding, stacking checkers, lifting large light objects,
and lifting large heavy objects) that simulate activities
of daily living [29, 30]. Both arms of the patients with
hemiparetic CP and the healthy controls were tested.
The score was the time taken to complete fine motor,
gross motor, nonweighted, and weighted tasks measured
with a stopwatch [29, 30].

Action planning was evaluated at the unaffected hand of
patients with hemiparetic CP and the dominant hand of
healthy controls as described in the literature [31–35]. The
first test (Stick Test) uses a wooden pin (28 cm long, 3 cm
in diameter, and approximately 100 g) [34]. One end of the
pin is painted yellow and the other end red. The pin rests
horizontal on two supports 7 cm above the table in front of
the subject. The yellow end of the pin points to the right
and the red end points to the left from the participant’s
perspective. A grey cup is placed near the yellow end of the
pin and a white cup near the red end (see Figure 1 for details
of apparatus setup).

Each participant was asked to simply pick up the pin with
one hand while leaving the other hand resting on the knee
and without manipulating the pin once grasped. There
were four types of trials (placing the yellow end into the
grey cup; the yellow end into the white cup; the red end
into the grey cup; and the red end into the white cup)
presented in random order. There were five blocks, for a
total of 20 trials. The score was the percentage of starting
grips that were consistent with the end-state comfort con-
cept (people using their right hand to perform the test use
an underhand grip to place the left red end of the pin into
either the white or the grey cup and an overhand grip to
place the right end of the pin into either the white or
the grey cup; people using their left hand to perform the
test use an overhand grip to place the left red end of the
pin into either the white or the grey cup and an under-
hand grip to place the right end of the pin into either
the white or the grey cup) [34].

The second test (Hammer Test) uses a metal medical
hammer (22 cm long, handle 2 cm in diameter, and approxi-
mately 120 g) [35] placed on a table and next to a sheet of
paper (30 cm× 28 cm) with the outlines of 6 hammer rota-
tions (see Figure 2 for details).

The Hammer Test always started from a condition that
did not require any hammer rotation (position 1). Each par-
ticipant was asked to pick up the hammer and pound the
table. After successful performance, the participant was asked
to repeat the task, but with the hammer placed in a different
starting position (positions from 2 to 6). Rotation from the
starting position of the hammer was repeated three times in
random order, resulting in a total of 18 trials per subject. Per-
formance was scored according to whether the hand posture
at the end of the action was comfortable (i.e., with the thumb

Table 1: Characteristics of patients and healthy controls.

Patients with
hemiparetic CP

Age (years) Gender Affected hand
MACS
level

1 15.3 Female Left I

2 10.8 Female Right II

3 14.8 Male Right II

4 17.3 Male Left III

5 15.8 Male Left I

6 10.9 Female Right I

7 13.1 Male Left II

8 16.3 Male Right I

9 12.3 Male Right I

10 16.4 Male Right I

Healthy controls Age (years) Gender Dominant hand

1 15.3 Female Right

2 17.9 Male Right

3 11.1 Female Right

4 13.6 Male Right

5 11.1 Male Right

6 14.1 Male Right

7 15.9 Female Right

8 10.7 Male Right

9 16.5 Female Right

10 16.1 Female Right

11 14.7 Male Right

CP: cerebral palsy; MACS: manual ability classification system.
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pointing towards the end goal) or uncomfortable (i.e., with
the thumb pointing opposite the end goal). For the analyses,
we distinguished between critical conditions (where an
uncomfortable starting posture was needed to allow a
comfortable end posture) and control conditions (where a
comfortable starting posture resulted in a comfortable end
posture). For the critical conditions, orientations 2 and 3
were used for the right-handed and orientations 5 and 6 for
the left-handed. The remaining orientations were regarded
as control conditions (orientations 1, 2, 3, and 4 for the
left-handed; orientations 1, 4, 5, and 6 for the right handed).
The percentage of comfortable end postures in the critical
condition was analyzed [34].

2.3. Statistical Analysis. Statistical analysis was carried out
using the Statistical Package for Social Science for Macintosh,
version 20.0 (IBM Corp., Armonk, NY, USA). The Mann–
Whitney U test was used to compare patients with hemipare-
tic CP versus healthy control subjects as to their performance
in all outcomes at baseline. Wilcoxon signed-rank test was
used to perform after versus before treatment within-group
comparisons for all outcomes in patients with hemiparetic
CP. In order to evaluate the presence of “learning effects” of
the two motor planning ability tests, we used the Wilcoxon
signed-rank test to compare the last set of trials versus the

first one at baseline evaluation. The alpha level for signifi-
cance was set at P < 0 05.

3. Results

Baseline comparison between patients with hemiparetic CP
and healthy control subjects (the unaffected arm versus
the dominant arm) showed significant differences on the
JTHF (P = 0 015; Z = −2 433), the Stick Test (P = 0 003;
Z = −2 932), and the Hammer Test (P = 0 003; Z = −2 990)
for action planning. Conversely, no significant difference
was found on the NHPT (P = 0 104; Z = −1 628). Further-
more, no significant differences were found on the Stick Test
(P = 0 180; Z = −1 342) and the Hammer Test (P = 0 191;
Z = −1 307) when the last set of trials was compared
against the first set for evaluating the presence of “learning
effects” (Table 2).

Posttreatment versus baseline comparison among
patients with hemiparetic CP showed significant improve-
ments on the JTHF at both the affected (P = 0 028;
Z = −2 201) and the unaffected (P = 0 028; Z = −2 201)
arms, as well as on the Stick Test (P = 0 034; Z = −2 121)
and the Hammer Test (P = 0 042; Z = −2 032) for action
planning at the unaffected arm. Conversely, no significant
improvement was found on the NHPT for both the affected

Diagram showing the
6 hammer positions

Starting condition with the
hammer in position 1

Figure 2: Setup of the Hammer Test for evaluating action planning.

Overhand grip Underhand grip

Figure 1: Setup of the Stick Test for evaluating action planning.
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(P = 0 854; Z = −0 184) and the unaffected (P = 0 345;
Z = −0 944) arms (Table 2).

4. Discussion

A fundamental aspect of motor control is action planning,
which can be defined as the ability to take upcoming task
demands into account when first taking hold of an object
[4]. This strategy requires a feedforward mechanism based
on an internal image of the object’s characteristics [23]. At
about the age of 2 years, children learn to use an internal
model and continue to refine their strategy with age. By about
the age of 8 years, the strategy is essentially the same as that of
adults in children able to update their internal image of the
object when its properties are changed [23, 34, 36].

Action planning implies that people plan the end of an
action based on the end-state comfort effect. This means that
people most often choose to terminate a movement in a com-
fortable position even if it requires taking an uncomfortable
initial posture (i.e., to turn over an upside-down cup, people
will initially grasp it in an uncomfortable posture, so that the
arm is in a comfortable posture when the cup is turned over
at the end of the task) [4, 7, 8, 23, 35, 37]. Since motor pro-
grams can be selected for each limb by the contralateral
hemisphere, previous studies have suggested that the left
hemisphere may be the planning central system that inte-
grates movements and monitors coordination, given that
the right hand is dominant in the majority of the popula-
tion [4, 38]. An alternative account of motor planning pro-
poses a more distributed system across both hemispheres
based on the evidence for distinct bilateral and contralateral
activations in the precentral gyrus during movement, with

the former thought to reflect motor planning and the latter
motor execution [39].

Patients with CP have been noted not to use the full feed-
forward sensorimotor coordination strategy for manual
dexterity that healthy people use; instead, they employ a
slower strategy with elements adopted by healthy children
aged less than 2 years [23]. A probable consequence of the
impaired anticipatory control due to an altered internal
model of movement representation [11] is that people with
hemiparetic CP show anticipatory planning deficits involving
also the unaffected upper limb (according to the selection
of an initial grip that ensures a comfortable posture at
the start of a movement sequence instead of optimizing
comfort of the end posture as is frequently seen in healthy
subjects) [4, 7, 8, 19, 20, 32, 33]. Interestingly, patients
with CP are able to develop anticipatory adjustments in
their motor control strategy with longer practice [22, 23, 40].
Furthermore, learning of anticipatory strategies acquiredwith
the unaffected hand might be transferred and used during
movements of the affected hand [22, 40].

Along this line, the present pilot study provides a proof-
of-concept for the potential usefulness of robot-assisted
training for the unaffected arm to improve manual dexterity
and action planning in patients with hemiparetic CP. Before
discussing our results, however, we wish to point out that the
motor planning ability evaluation tests we used in this pilot
study have not been validated in patients with CP and that
potential “learning effects” due to tests repetition cannot be
excluded. So the strength of our findings needs to be inter-
preted with caution. That said, the patients with hemiparetic
CP participating in this pilot study showed some deficits in
manual dexterity and anticipatory planning at the unaffected

Table 2: Performance on outcome measures.

Outcome Participants Hand Baseline

Between-group
comparisons at baseline

(unaffected versus
dominant)

After
treatment

Within-group comparisons
(after treatment versus

baseline)

Nine-Hole Peg
Test (s)
Mean (SD)

CP patients
Affected 31.5 (4.3) 32.3 (10.6) P = 0 854 (Z = −0 184)

Unaffected 13.8 (4.6)
P = 0 104 (Z = −1 628) 12.6 (1.2) P = 0 345 (Z = −0 944)

Healthy
controls

Dominant 11.5 (1.3)

Nondominant 12.1 (1.1)

Jebsen-Taylor
Hand Function
test (s)
Mean (SD)

CP patients
Affected 17.9 (13.3) 14.5 (6.9) P = 0 028 (Z = −2 201)∗

Unaffected 6.6 (1.8)

P = 0 015 (Z = −2 433)∗
5.5 (1.1) P = 0 028 (Z = −2 201)∗

Healthy
controls

5.1 (0.7)
Dominant

Nondominant
7.4 (1.3)

Action
planning (%)
Mean (SD)

Stick
Test

CP patients Unaffected 86.3 (15.1)
P = 0 003 (Z = −2 932)∗

93.3 (11.2) P = 0 034 (Z = −2 121)∗
Healthy
controls

Dominant 100.0 (0)

Hammer
Test

CP patients Unaffected 58.3 (33.6)
P = 0 003 (Z = −2 990)∗

75.8 (20.2) P = 0 042 (Z = −2 032)∗
Healthy
controls

Dominant 94.7 (7.7)

CP: cerebral palsy; s: seconds; SD: standard deviation; %: percentage. ∗Statistically significant (P < 0 05).
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arm when compared to the dominant upper limb of the
healthy control subjects at baseline. Our findings are shared
by previous work on action planning deficits in hemiparetic
CP and on the absence of motor planning lateralization in
children with hemiplegia, given that we enrolled CP patients
with left or right hemiparesis [4]. Furthermore, we observed
significant improvements in manual dexterity and anticipa-
tory planning in patients with hemiparetic CP after 10 ses-
sions of robot-assisted training for the unaffected arm.
These observations are consistent with the notion that
training of the unaffected arm may be useful to improve
feedforward strategies of sensorimotor coordination based
on internal representations of external objects in patients
with hemiparetic CP [22, 23, 40]. Moreover, since repetition
over time is needed before action planning improvements
can be seen in patients with CP [11, 21–33, 40], this can be
advantageously provided with robot-assisted arm training,
as reported in previous studies on CP [16, 17].

Developmental and postlesional (re)organizational issues
of the human central nervous system about hand motor con-
trol might be mentioned to explain our results [41–45]. In
patients with minor brain lesions, the corticospinal tract of
the affected hemisphere still allows for exerting sufficient
motor control over the contralesional hand. Conversely,
patients with lesions disrupting the corticospinal tract of
the affected hemisphere show severe motor impairment
owing to the presence of abnormal ipsilateral corticospinal
projections to the affected hand. Also, patients with partial
integrity of the crossed corticospinal tract and the presence
of abnormal ipsilateral projection have bilateral projections
to the affected hand with alternative pathways from both
hemispheres to control it [41, 44].

Unfortunately, because of its pilot nature, we cannot infer
anything about the functional integrity of crossed corticosp-
inal tracts or the presence of abnormal ipsilateral projections
to the affected hand in our sample, as we did not perform
neurophysiological or functional neuroimaging evaluations.
This is only one of the several limitations besides the small
sample size, the lack of a control group for robot-assisted
training, and the absence of follow-up evaluations. Because
of the small sample size, our study is underpowered to evalu-
ate the role of other factors that may have contributed to the
differences observed between the unaffected arm of the CP
patients and the healthy controls, such as the level of impair-
ment as measured by the MACS. Furthermore, though no
significant differences were found on the action planning
tests when we compared the last set of trials versus the first
one to check for the presence of “learning effects”, we had
no control group to repeat the tests at a later time and
compare scores versus the subjects that had received robot-
assisted arm training. Therefore, we cannot exclude the
possibility that the posttreatment changes in test scores
were actually due to the training effects and not to repeated
exposure to the tests. Finally, as mentioned above, we used
two tests (the Stick and the Hammer Tests) that have not
been validated for evaluating motor planning ability. None-
theless, to the best of our knowledge, there is currently no
motor planning ability evaluation test validated for use in
patients with CP. In future studies on this population,

validated tests to measure outcomes are needed in order
to compare the effects of a physical intervention on motor
planning ability.

5. Conclusions

Ourfindings are in linewith previouswork on action planning
deficits in patients with hemiparetic CP and support the
hypothesis that robot-assisted training for the unaffected
arm may be useful to improve manual dexterity and action
planning in patients with hemiparesis due to CP. Neverthe-
less, it should be emphasized that the strength of our conclu-
sions is very limited. Blinded, randomized controlled trials
involving a larger sample are needed to overcome the limita-
tions of this proof-of-concept pilot study and evaluate the role
of unaffected arm training in hemiparetic CP rehabilitation.
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Background. Functional magnetic resonance imaging (fMRI) is a promising method for quantifying brain recovery and
investigating the intervention-induced changes in corticomotor excitability after stroke. This study aimed to evaluate cortical
reorganization subsequent to virtual reality-enhanced treadmill (VRET) training in subacute stroke survivors. Methods. Eight
participants with ischemic stroke underwent VRET for 5 sections per week and for 3 weeks. fMRI was conducted to quantify the
activity of selected brain regions when the subject performed ankle dorsiflexion. Gait speed and clinical scales were also
measured before and after intervention. Results. Increased activation in the primary sensorimotor cortex of the lesioned
hemisphere and supplementary motor areas of both sides for the paretic foot (p < 0 01) was observed postintervention.
Statistically significant improvements were observed in gait velocity (p < 0 05). The change in voxel counts in the primary
sensorimotor cortex of the lesioned hemisphere is significantly correlated with improvement of 10m walk time after VRET
(r = −0 719). Conclusions. We observed improved walking and increased activation in cortical regions of stroke survivors
after VRET training. Moreover, the cortical recruitment was associated with better walking function. Our study suggests
that cortical networks could be a site of plasticity, and their recruitment may be one mechanism of training-induced
recovery of gait function in stroke. This trial is registered with ChiCTR-IOC-15006064.

1. Introduction

Gait impairment is a common consequence of stroke, and the
decreases in gait velocity, stride length, and cadence are hall-
mark features of gait pattern alterations in stroke survivors
[1, 2]. Previous studies found that early intervention with
physical therapy and gait training to restore walking after
stroke was recommended to improve motor function and
decrease disability [3, 4]. As gait impairments are a result of
deficient neuromuscular control, a better understanding of
the impact and mechanism of those interventions on gait
pattern recovery after stroke is therefore essential.

Environmental factors act as critical determinants for the
level of community ambulation of stroke patient [5]. The

development of computers has resulted in virtual reality
(VR) tools which can create life-like scenarios via visual,
auditory, and tactile feedback and can provide subjects with
a safe and stimulating learning environment [6]. VR has been
increasingly used in poststroke rehabilitation; therapy inter-
ventions using VR may improve motor function for those
patients [7–15]. VR system might represent the main neural
substrate for relearning or resuming impaired motor func-
tions following stroke. A key challenge in neurorehabilitation
is to establish optimal training protocols for the given patient
[10]. VR could provide a person with senses of encourage-
ment and accomplishment [16–19]. However, two main con-
cerns need to be investigated. What kind of rehabilitation
strategies can combine with VR, and what degree for those
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VR combined rehabilitation strategies can facilitate stroke
patients? Recently, motor relearning strategies can be applied
in VR-enhanced treadmill (VRET) training by numerous
movement repetitions and a multisensory approach to stim-
ulate brain plasticity and patients receive visual feedback
which is close to real-life experience [12]. While the positive
benefits of VRET exercise on gait speed, cadence, step length,
community walking time, and balance have been demon-
strated [7–9, 11, 12, 14, 15], the associated changes of brain
activity with this training have not been investigated yet.

Advances in imaging, such as blood oxygenation level-
dependent functional magnetic resonance imaging (fMRI),
have been allowed for the observation of changes in cerebral
plasticity and the exploration of recovery mechanisms. The
control of gait involves the planning and execution from
multiple cortical areas, such as secondary and premotor cor-
tex [11]. Ankle dorsiflexion is an important kinematic aspect
of the gait cycle. Using ankle movement, Enzinger et al. [20]
observed increased activation in the unlesioned hemisphere
associated with increasing functional impairment of the
paretic leg in patients with stroke. fMRI studies of patients
after stroke have suggested that VR could increase neural
activations in the primary motor areas and improve later-
alization of primary sensorimotor cortex (SMC) activity
[21–23]. We hypothesized that recovery of lower limb
function after VRET would be associated with changes in
brain activation during ankle dorsiflexion.

Therefore, the primary aim of this preliminary study was
to investigate if functional reorganization takes place after
VRET in subacute stroke survivors with gait impairment,
using fMRI and an ankle dorsiflexion paradigm. Correlation
between clinical scale changes after VERT and brain activa-
tion alterations was also studied to see the relations of the
induction of cortical plasticity and functional recovery in
subacute stroke survivors. We hope that the results of the
current study could help to understand the mechanism of
VRET as an early intervention for gait recovery for stroke.

2. Methods

2.1. Participants. Eight stroke survivors were recruited in this
study, aged 41–72 years (mean: 58.38 years) and included 6
males and 2 females (Table 1 and Figure 1). Inclusion criteria:

(i) 18 to 80 years in ages; (ii) right-foot dominant; (iii) first
incident of ischemic cortical or subcortical stroke which
resulted in gait impairment; (iv) stroke was confirmed by
MRI within the past 3 months of inclusion; (v) at least 10°

of dorsiflexion is available at the ankle. Exclusion criteria:
(i) contraindication to MRI scan (implanted medical devices
incompatible with MRI testing or claustrophobia); (ii) his-
tory of stroke resulted in function impairment; (iii) history
of mental disorder or the use of antipsychotic medication;
(iv) cognitive impairment (Mini-Mental State Examination
score of less than 24 points); (v) unable to speak or hear;
(vi) history of recent deep vein thrombosis of the lower limbs;
(vii) recent myocardial infarction; (viii) medically unstable;
(ix) existing lower extremity pathology. This study was
approved by the Ethics Committee of the First Affiliated
Hospital of Sun Yat-sen University (SYSU), and all subjects
provided informed consent before the experiments.

2.2. Lesions. All patients had subcortical lesions that touched
the basal ganglia and the internal capsule and in some
patients extended towards occipital and frontal regions. Data
from right hemisphere stroke patients were flipped in that all
patients displayed their lesion in the left hemisphere. There-
fore, the lesion maps were demonstrated precisely and com-
pared directly for left to right hemispheric stroke patients
(Figure 1).

2.3. Intervention. A virtual environment was displayed on a
42-inch-wide television screen in front of the treadmill. It
created the simulations of walking in real-life environment.
The scenarios where patients control their gaits consisted of
street crossing, park stroll, obstacles striding across, and lane
walking. All of the participants received 15 sessions of VRET
training (five sessions per week over a 3-week period). Each
session lasted up to 60 minutes with breaks as required.
Treadmill velocity started at 0.22–0.40m/s and was increased
when normal step length was observed.

2.4. Clinical Outcome Measures. Timed 10-meter walk test
and fMRI data were collected within 3 days before the com-
mencement of training (pre) and right after the last training
session (post).

Table 1: Clinical and demographic characteristics.

Patient ID Age (years) Sex Site of lesion Time from stroke to first fMRI data (days)

1 67 F L corona radiate-basal nucleus 18

2 51 M R corona radiate and parietal-occipital-temporal lobe 39

3 67 F L corona radiate-centrum semiovale and frontal-parietal lobe 69

4 61 M L corona radiate-basal nucleus 47

5 72 M R corona radiate-basal nucleus 48

6 59 M L corona radiate-centrum semiovale 44

7 41 M R thalamic and posterior limb of the internal capsule 35

8 49 M R basal nucleus and frontal-insular-occipital lobe 57

Mean± SD 58.38± 9.91 42.25± 14.86
F: female; M: male; R: right; L: left; MMSE: Mini-Mental State Examination.
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Gait speed was measured by 10 meters (m) timed walk.
Participants were asked to walk at a comfortable speed with
or without an assistive device. The average speed of two tests
was included in data analysis.

Lower limb impairment and balance were measured by
the Fugl-Meyer Assessment: Lower Extremity (FMA-LE)
[24] and the Brunel balance assessment scale [25, 26]. Mea-
surements were recorded in stroke subjects at baseline and
after 3 weeks of training by an experienced examiner.

2.5. fMRI Data Acquisition. fMRI was performed on a 3.0T
scanner (Siemens, Trio Tim, Germany) equipped for echo
planar imaging. A 3D, high-resolution, T1-weighted data
set of the entire brain was acquired for each subject
(TR=1460ms, TE=2.54ms, field of view 214× 245, matrix
256× 256, and a slice thickness of 1mm). Care was taken to
cover all critical brain regions. For fMRI studies, blood
oxygen level-dependent weighted scans (TR=2000ms,
TE=25ms, field of view 200× 200, matrix 64× 64, and a slice
thickness of 3mm) were acquired.

The fMRI data collection protocol involved five active
movement blocks for each participant. Each block was trig-
gered by an auditory command. Active movement blocks
were alternated with interspersed periods of absolute rest
(20 seconds each). The total scanning time for unilateral
movement of one foot was approximately 200 seconds. The
activation task was repetitive active ankle dorsiflexion of the
unilateral ankle in a purpose-built ankle-foot orthosis. The
orthosis permits 5° of plantar flexion and 10° of dorsiflexion.
Ametronome was used as audio command to pace the move-
ments (30 beats/min=0.5Hz).

Prior to scanning, each participant was asked to prac-
tice the movement requirements to ensure consistency.

Participants’ heads were stabilized with straps on a foam-
cushioned holder to minimize head motion. The knees
were flexed to approximately 135° by placing a soft roll
beneath the knees. Both arms were stabilized to minimize
movements. Verbal instructions were given to participants
to close their eyes during the scan and not to think about
ankle movements when at rest.

2.6. Data Analysis and Statistics. Imaging data was analyzed
using Statistical Parametric Mapping (SPM8; http://www.fil.
ion.ucl.ac.uk/spm/software/spm8) implemented in MATLAB
7.0 (Mathworks, Natick, MA, USA). First, all volumes were
realigned spatially to the middle volume after slice timing to
correct for residual head movement. Any participant with
head translations greater than 3mm for any task condition
was excluded from the study. Afterwards, all functional scans
were normalized into the standard anatomic space template
defined by the atlas of Talairach. Images were spatially
smoothed using a Gaussian kernel of 8mm full-width half-
maximum. Functional and structural images of participants
with right hemispheric strokes were flipped from right to left
so that the image of the left hemisphere represented the
lesioned hemisphere. The affected ankle was therefore always
the “right” one.

Using image analysis and general linear model statistics
(SMP8, random effect module), single-subject contrasts were
analyzed in the first-level analysis and then used in a second-
level analysis for random effect analyses (one-sample t-test
and paired t-test) to create group maps (p < 0 01, uncor-
rected for multiple comparisons across the whole-brain
volume, and extent threshold = 20 voxels) separately for the
different groups at each time point. Data analysis was
performed by modeling the active and resting conditions as

P1 P2 P3 P4

P5 P6 P7 P8

Figure 1: Axial structural T1-weighted MRI scans at the level of maximum infarct volume for each patient. And right hemisphere patients
flipped on the sagittal axis for better comparison.
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reference waveforms (box-car functions). Five regions of
interest were selected: SMC (corresponding to paracentral
lobule), SMA, the cingulate motor area, the anterior and pos-
terior cerebellum, and the secondary somatosensory area.

Data analysis was performed in SPSS (version 17.0).
Descriptive statistics were used to describe the demographics
and gait parameters. Paired t-test was used to evaluate the
differences of walking ability and clinical scales between
pre- and postintervention. Pearson correlation coefficients
were computed to test for a relationship between the changes
in 10m walk time and brain activations in the regions of
interest. Statistical significance was set at 0.05.

3. Results

3.1. Effect of VRET on Gait Parameters. The mean 10m timed
walk reduced from 27.78± 10.45 seconds to 17.84± 5.26
(p < 0 05) postintervention. Walking speed increased from
0.40± 0.12m/s to 0.60± 0.15m/s (p < 0 05) postinterven-
tion. Fugl-Meyer scales showed a significant increase from
23.38± 4.03 to 25.38± 4.1 (p = 0 035) after the training. But
there is no significant difference of balance function from
Brunel scales (Table 2).

3.2. Cerebral Reorganization. During the active task per-
formed at baseline with the affected foot, the SMC, the
SMA and supramarginal gyrus contralateral and ipsilateral
to the movement, and posterior cerebellum ipsilateral to foot
movement were activated (Figure 2(a) and Table 3). During
the active task performed at postinterventions with the
affected foot, the SMC, the SMA, the cerebellum, cingulate
motor area, and the supramarginal gyrus contralateral and
ipsilateral to the movement were activated (Figure 2(b) and
Table 3). At the second measurement, increased neural
response of the SMC on the ipsilesional hemisphere and
bilateral SMA revealed reorganization of the sensorimotor
network (Figure 3 and Table 3). No region was observed to
decrease after VR-based training. No mirror movement was
observed during fMRI scanning by visual inspection.

There were no areas with significant changes of activation
from pre to post associated with active movement of the
unaffected foot versus rest. Brain activity with active move-
ment of the paretic foot versus rest showed a negative corre-
lation (r = −0 719, p = 0 044) between voxel change in SMC
of the lesioned hemisphere and the decrease in time to com-
plete the 10-meter walk after intervention (Figure 4).

4. Discussion

This study investigated the therapy-induced plasticity in
patients who suffered subacute ischemic stroke by using
fMRI. After VRET for three weeks, our recruited subjects
demonstrated improvement of walking speed and lower
extremity motor function. In the current fMRI study, as a
first step to explore the neural correlates of VRET, we inves-
tigated that the increased activation in cortical regions of
stroke survivors is associated with better walking function.

5. Gait Parameters

Gait speed is a reliable measurement of walking ability [23].
This study observed an increase in gait speed of greater than
0.16m/s which exceeded the minimal clinically important
difference previously reported [27]. At an early stage after
stroke, similar gains were seen on the Fugl-Meyer and Berg
balance scales in both groups [28, 29]. The results of this cur-
rent study are consistent with published studies that early
intervention can improve on balance and lower extremity
motors functions in patients with subacute stroke. Findings
of this study are consistent with previous studies that VR-
enhanced treadmill training which also revealed improve-
ment of gait function for individuals with stroke [7–9, 14].
When VR was combined with treadmill training, the speed
of the patient’s viewpoint motion in the virtual environment
is matched to the speed of the treadmill. Patients receive
visual feedback which is close to real-life experience [7]. This
combination provided patients after stroke with defined
goals and a sense of accomplishment, and their neuroplasti-
city increased through repetitive exercises of lower extremi-
ties, resulting in improved gait ability [11, 12].

6. Cortical Reorganization

VR training provided patients with different motor sensory
stimulations, which is needed in neural reorganization in
the brain [30]. Multisensory (visual and auditory) feedback
provided by VR systems allows the central nervous system
to better control the position and orientation of body seg-
ments [5]. The degree to which motor ability is regained
depends on the size of neuronal populations reorganize
induced by interventions. Before training, the bilateral SMC
and SMA were activated (Figure 2(a) and Table 3). Subactue
stroke patients may have increased activation in SMC and
SMA after receiving three weeks of treadmill-enhanced VR
training (Figure 3 and Table 3). The fMRI data recorded in
this study is consistent with other report of cortical contribu-
tion in poststroke functional recovery [3]. You et al. [22]
found that, however, before the VR training, the ipsilateral
SMA, along with the bilateral primary motor cortex and
SMC, was activated but was suppressed after VR training.
Differences between our design and those of You et al. [22]
(such as subacute ischemic stroke patients versus chronic
ischemic or hemorrhage stroke patients and treadmill-
enhanced VR training versus the IREX VR system) may have
led to the distinctions in the observed results. Moreover, the
addition of VR may have contributed to the significant

Table 2: Walking parameters and clinical scale changes for
stroke survivors.

Before VRET After VRET p value

10m walk time (s) 27.78± 10.45∗ 17.84± 5.26∗ p < 0 05
Gait velocity (m/s) 0.40± 0.12∗ 0.60± 0.15∗ p < 0 0001
Fugl-Meyer 23.38± 4.03∗ 25.37± 4.1∗ p = 0 035
Brunel 13.25± 0.89 13.63± 0.52 p = 0 197
∗p < 0 05 between pre- and posttherapy for the patient group.
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improvements seen in the participants by keeping them con-
centrating more intently on the task so that increased motor
learning occurred [6, 8]. Patients in this study increased the
gait velocity and decreased the 10m walk time, but we need
further study to investigate the exact underline mechanism.

In this study, the phase of reorganization showed hyperac-
tivation in ipsilesional SMC (Figure 3 and Table 3). Improved
SMC activation in the affected hemisphere is one of the com-
mon mechanisms underlying functional recovery of the
paretic limbs [31]. Expansion of SMC activation after stroke
probably reflect the “unmasking” of preexisting but normally
inactive representations or “recruitment” of neurons/connec-
tions not normally devoted to this function [32, 33]. Repetitive
practice of the affected limb may increase efficacy of existing
synapses and facilitate synaptic proliferation and axonal
sprouting from surviving neurons, thus increase neuroplasti-
city and associated motor improvement [34].

Another finding was the recruitment of SMA after VRET
training (Figure 3 and Table 3). The SMA plays a crucial role
in the synchronization of bimanual movements [35]. Recent
study suggested that primary motor cortex had a crucial role
along with SMA during the motor execution task [36].
Enhancement of SMA activity could benefit primary motor
cortex dysfunction in stroke survivors [37]. fMRI study of
healthy subjects showed that VR induces activation in brain
areas associated with motor control, including the SMA, the
inferior parietal cortex, and the inferior frontal cortex [10].
This study suggested that an increase in cortical activation
after therapy potentially reflecting the fact that cortical
networks may be involved in mediating the effects of
treadmill-enhanced VR training.

Neuroimaging findings suggested that VR could induce
cortical reorganization of the neural locomotor pathways
[10, 22, 23, 25]. This cortical reorganization was associated
with notable gain in locomotor function [22, 25]. For exam-
ple, You and coworkers investigated the correlation between

remodeling of the brain and recovery of lower limb function
of patients with stroke after VR training, and they found that
VR could induce cortical reorganization from aberrant ipsi-
lateral to contralateral SMC activation. Similar to our find-
ings which further included a measure of voxel counts of
SMC and SMA and correlated gait functions, we think this
kind of enhanced cortical reorganization might play an
important role in the recovery of functional ambulation in
patients with stroke. In addition, the addition of VR may
have contributed to the significant improvements seen in
the participants by keeping them concentrating more
intently on the task and providing extrinsic motivation.

VRET training may activate many brain regions associ-
ated with motor skills and related experiences. According to
our results, there exist correlations between the increase of
voxel counts in the SMC of the affected hemisphere and the
improvement of the time to walk 10m. The greater the acti-
vation increased in lesioned SMC, the better the ambulation
recovery (Figure 4). Activation in the contralesional SMC
did not correlate with positive recovery. The correlation
results suggested that cortical networks could be the site of
plasticity or compensatory activation, and their recruitment
may be one mechanism by which treadmill-enhanced VR
training improves walking in hemiparetic stroke.

7. Limitation

This study has several limitations which need cautions for
the interpretation and generalizability of the data. One of
the limitations was that the sample size was relatively small
(n = 8) and the recruited subjects in this study have high gait
functioning level and could perform voluntary ankle move-
ments in fMRI. Further researches are needed both to
enlarge the sample size and to study whether patients with
severe functional impairments could also benefit from
VRET. Second, the key focus of this preliminary study was
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Figure 2: Areas activated by active dorsiflexion: (a) active tasks of the paretic foot pre, (b) post-VR+BWSTT. The lesioned side is on the left
of the image.
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to assess if VRET treatment program can induce brain activ-
ity changes in subacute stroke survivors and then there was
a lack of a control group and limited for confident conclu-
sions. However, previous studies [31] suggested that brain
activity changes associated with “spontaneous” recovery
and those with training for rehabilitation may be different.
The former after stroke is associated with decreased activa-
tion in brain motor control regions, whereas increase activa-
tion in specific regions within the broader control network
accompanies performance gains after rehabilitation post-
stroke. Our results were consistent with this notion and

observed increases in activation with improved gains after
VRET training. Meanwhile, previous animal studies have
demonstrated that induction of proteins is associated with
endogenous neural repair within the first 2 weeks after an
ischemic insult [38]. Our study focused on the subacute
stroke patients from 3 weeks poststroke to 12 weeks post-
stroke. The functional recovery in our patients may be more
involved in the effect of therapeutic intervention. Moreover,
we drew our conclusion based on comparing our results
with previous studies. Further randomized control trial with
large sample size might warrant if research studies target on
comparison of treatment effects of the VRET to conven-
tional PT and/or natural recovery associated changes in
brain activity.

8. Conclusions

Clinically meaningful improvements in measures of walking
ability were found in post-subacute stroke subjects after 3
weeks of virtual reality-enhanced treadmill training. VRET
training effect might be associated with increased activation
of cortical networks participating in the voluntary ankle dor-
siflexion, as displayed by fMRI. SMC recruitment was corre-
lated with decreases in the patient’s 10m walk time. Taken
together, these findings gave some clues for the clinical reha-
bilitation management and the potential mechanisms that
VRET may be a suitable therapy for subacute ischemic stroke

Table 3: Significant activated areas (p < 0 01, corrected for multiple
comparisons across the whole brain volume) during active
movement of the paretic ankle and areas with a significant
difference in activation (p < 0 01) between pre- and posttherapy.

Activated areas
Maximum
Z-score

MNI coordinates
x y z

Pretherapy

SMC

Ipsilesional 3.53 −9 −33 72

Contralesional 2.77 3 −36 69

SMA

Ipsilesional 2.37 −2 0 63

Contralesional 3.02 6 0 54

Posterior cerebellum

Contralesional 2.95 24 −63 −15
Supramarginal gyrus

Ipsilesional 3.61 −63 −30 30

Contralesional 2.60 54 −29 26

Posttherapy

SMC

Ipsilesional 3.64 −9 27 76

Contralesional 3.04 2 −24 72

SMA

Ipsilesional 3.50 −2 −3 60

Contralesional 3.43 6 0 63

Cingulate motor area

Ipsilesional 2.39 −3 −3 48

Contralesional 2.31 6 0 42

Posterior cerebellum

Ipsilesional 3.01 −27 −60 −24
Contralesional 3.09 21 −63 −15
Anterior cerebellum

Ipsilesional 2.53 −15 −48 −18
Contralesional 2.50 18 −54 −15
Posttherapy versus
pretherapy

SMC

Ipsilesional 2.60 −12 −18 76

SMA

Ipsilesional 2.66 −6 0 66

Ipsilesional 2.97 6 6 63
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Lesioned
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Figure 3: Areas activated by active dorsiflexion: post- versus
pre-VR+BWSTT. The lesioned side is on the left of the image.
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patients with abnormal gait patterns and poststroke cerebral
plasticity could be augmented through the use of VRET.
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Schizophrenia is a chronic and devastating brain disorder with ongoing cognitive, behavioral, and emotional deteriorated functions.
Neurofeedback training, which enables the individuals to regulate their brain activity using a real-time feedback loop, is increasingly
investigated as a potential alternative intervention for schizophrenia. This study aimed to explore the effect of short but intensive
neurofeedback training for schizophrenic patients with difficulty for long-time training. A middle-aged woman with chronic
schizophrenia completed the intensive training of alpha/beta2 (20–30Hz) in four consecutive days with a total training duration
of 13.5 hours. The results showed that her alpha/beta2 increased over sessions, and her behavior performance including short-
term memory, mood, and speech pattern was improved at the end of neurofeedback training. Importantly, a 22-month follow-
up found a dramatic improvement in both positive and negative symptoms. These positive outcomes suggest that such intensive
neurofeedback training may provide new insight into the treatment of schizophrenia and thus deserves further study to fully
examine its scope.

1. Introduction

Schizophrenia is regarded as the most devastating brain
disorder with ongoing cognitive, behavioral, and emotional
deteriorated functions. The life qualities of the schizophrenic
patients dramatically decrease. The traditional treatment
for schizophrenia is antipsychotic medication. However,
antipsychotic medications have side effects when used long
term, which leave patients with limited and deteriorated
functions. Moreover, antipsychotic medications do not treat
negative symptoms effectively [1]. Therefore, current phar-
macological treatment is insufficient and the development
of new treatment options is necessary.

In recent decades, neurofeedback (NF) as an innovative
noninvasive technique aiming at self-regulating the brain

activity using a real-time feedback loop mechanism under
operant control has been demonstrated more and more ben-
efits on human brain functions and behavior performance for
not only healthy people but also patients with a variety of
diseases [2–5]. With respect to NF for schizophrenia,
some researchers have investigated electroencephalography
(EEG) NF as a potential nonpharmaceutical alternative for
treatment of schizophrenia. During EEG NF, the EEG signal
is recorded from the electrodes placed on human scalp and
the relevant EEG components are extracted and fed back to
the training individual using an online feedback loop in the
form of audio, visual, or their combinations [6]. An earlier
study in Gruzelier et al. [7] reported that 16 schizophrenic
patients were able to learn control the left-right asymmetry
in slow potential negativity at the sensory motor area
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(C3 and C4). Bolea [8] employed NF on more than 70
hospital inpatients with chronic schizophrenia and found
improvements in the EEG patterns and in cognitive, affec-
tive, and behavioral patterns. Another study from Surmeli
et al. [1] also reported positive effects on 51 inpatients by
quantitative EEG- (qEEG-) guided NF training. Besides
the EEG NF, with the development of modern real-time
brain imaging technology, some studies investigated the
feasibility of real-time functional magnetic resonance
imaging (rtfMRI) NF in patients with schizophrenia [9–
11]. In Ruiz et al. [10], nine schizophrenic patients learned
self-control of the blood oxygenation level-dependent
(BOLD) signal of the bilateral anterior insula cortex by
rtfMRI NF, which led to changes in the perception of
emotions and modulations of the brain network connec-
tivity. In addition to anterior insula cortex, the BOLD sig-
nal of the anterior cingulate cortex (ACC) could also be
successfully regulated by rtfMRI NF, which were associ-
ated with symptom enhancement in patients with schizo-
phrenia [9, 11].

The aforementioned EEG NF studies which showed very
promising results adopted larger session number, longer
training process, and personalized training parameters
[1, 8]. Bolea [8] suggested that enhancement of alpha
and reduction of fast beta seemed very important in
inpatients with chronic schizophrenia, but its process
spread longer time and thus it did require patience, while
for some schizophrenic patients, it is very difficult to perform
the long term NF training. For example, patients who live
home will be very difficult to follow NF training for a longer
period of time. Thus, we wonder whether short but intensive
NF training could also show benefits on patient with schizo-
phrenia. A middle-aged woman with chronic schizophrenia
was recommended and voluntarily participated in this
study. The NF training was to increase the relative ampli-
tude of alpha/beta2 (20–30Hz) ratio within four consecu-
tive days for a total training duration of 13.5 hours. Both
immediate effect and long-lasting effect of a 22-month
follow-up were examined.

2. Methods

2.1. Patient. The patient with chronic schizophrenia was a
51-year-old single woman. She received a prominent educa-
tion and had a prestigious professional career. She did not
have any head trauma or other medical problems, and she
did not have drug or alcohol abuse. Both sides of her family
members did not have any history of schizophrenia. Before
NF training, she had suffered schizophrenia for more than
seven years and was in hospital to treat her schizophrenic
episodes for several times. After being released back
home, she was treated as an incapable person who
needed a 24-hour close guardianship for her daily routine
from her family. Her illness made her give up her career
and created a huge burden to herself and her family.
Based on her own accounts, she did not take the antischizo-
phrenia medications regularly due to various reasons, includ-
ing the side effects from those antipsychotics (uncomfortable
sensations, dizziness, and blurry vision), self-rejection of her

psychosis, and suspicion of drug toxicity. She did not have
noticeable improvement with either single antipsychotic
treatment or combined antipsychotic and psychotherapeutic
treatments. Thus, she was recommended by her psychother-
apist to receive NF training to explore whether NF training
could help her. She took olanzapine and clonazepam as
usual before, during, and after NF sessions. The protocol
was in accordance with the Declaration of Helsinki and
approved by the local Research Ethics Committee (Univer-
sity of Macau), and informed written consent was obtained
from the patient before NF training.

2.2. NF Training. The patient had auditory hallucination
symptoms. Previous studies have reported that schizo-
phrenics have reduced alpha amplitude and increased beta
activity [12–15], while the clinical improvements in schizo-
phrenic patients after antipsychotic treatment or transcranial
magnetic stimulation (TMS) have been found to correlate
with the increases in alpha power [16, 17]. Furthermore,
Bolea [8] pointed out the importance of reduction of fast beta
and enhancement of alpha at P4, PO4, and CP4 by NF train-
ing. Therefore, the training objective was to increase alpha
amplitude simultaneously to decrease beta2 (20–30Hz)
amplitude at P4 location. The ground was located at the
forehead, and the reference was placed on the left mastoid.
The EEG was acquired by an EEG amplifier (Sommeil 800
from Meditron Eletromedicina Ltda, SP, Brazil) with an
analog band-pass filter from 0.1 to 70Hz. The sampling fre-
quency was 256Hz. Somnium software platform (Cognitron,
SP, Brazil) with NF plugin (LaSEEB-ISR, Portugal) was
utilized to record the EEG signal and show the NF inter-
face. In the Somnium system, the signals were filtered by
a band-pass filter from 0.5 to 30Hz, and a notch filter at
50Hz. Circuit impedance was kept below 10kΩ for all
electrodes [18].

Before NF, two 60-second EEG epochs during the resting
state were recorded while the patient had her eyes open and
closed, respectively. The feedback parameter was set to the
relative amplitude of alpha/beta2 ratio at P4 location. Using
the amplitude spectrum instead of the power spectrum
prevents excessive skewing which results from squaring the
amplitude and, thus, increases statistical validity [19]. The
amplitude was calculated by FFT every 125ms with a 2-sec-
ond data window. Due to the large interindividual differences
in alpha band, we utilized the individual alpha band (IAB)
instead of the standard alpha band (8–12Hz) [20]. Figure 1
illustrates an example on how to determine the IAB (LTF-
HTF), in which low transition frequency (LTF) and high
transition frequency (HTF) are the crossings of EEG ampli-
tude spectrum in the eyes open and eyes closed resting state
and peak alpha frequency (PAF) in the EEG amplitude
spectrum in the eyes closed state separates the IAB into
the lower IAB (LTF-PAF) and the upper IAB (PAF-
HTF) [20].

The training process consisted of two parts. The first part
was the user control sessions in which the patient adapted
herself to the NF program and explored the mental activities.
The session duration and session number were controlled by
the patient. She could start and stop training and have a rest
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between session intervals. The mental strategy used was
annotated after each user control session. As a result, the
duration of each session varied from 1 to 15 minutes and
the mean duration of each session was 7.5 minutes. The
total training time of the first part was 12.5 hours in four
consecutive days. More specifically, the total training
duration was 1 hour and 20 minutes on day 1, 3 hours
on day 2, 4 hours and 40 minutes on day 3, and 3.5 hours
on day 4. By the user control sessions, 6 mental activities
were selected as the best strategies for the second part. The
second part was completed on day 4 after completing the
first part. It was composed of four fixed sessions. Each
session contained 12 60-second trials and an interval of
10 seconds between two successive trials. The total dura-
tion of the second part was almost one hour. The patient
applied the most effective mental strategies selected from
the user control sessions for training, but only one was
used for each trial. Each strategy was repeated twice in
each fixed session.

2.3. Feedback Display. The display showed a sphere and a
cube. The sphere reflected the feedback parameter value. If
it reached a predefined threshold (goal 1), the sphere color
changed from white to purple. This sphere was constituted
by several slices, and the more slices it had, the smoother it
looked. Initially, the sphere was only constituted by four
slices, which was the minimum number. While goal 1 was
being achieved, the slices were slowly added to the sphere.
Otherwise, the sphere loosed slice slowly until it only had
four slices again. The cube height was related to the period
of time for which goal 1 kept being achieved continuously.
If goal 1 was being achieved continuously for more than

2 seconds, goal 2 was accomplished and the cube rose
up until goal 1 stopped being achieved. Then the cube
started falling slowly until it reached the bottom, or goal
2 was achieved again. Thus, the best outcome was to keep
the cube as high as possible.

The threshold was set to 1 in the first user control session,
and it could be adjusted in each session. A report was gener-
ated after every session, which showed the percentage of time
for the feedback parameter above the threshold. If this value
exceeded 60%, the threshold was increased by 0.1 in the next
session. In contrast, if this value was lower than 30%, the
threshold was decreased by 0.1 in the next session.

2.4. Short-Term Memory Test. Short-term memory perfor-
mance was assessed by the forward and backward digit span
before and at the end of the NF training. Each test was
composed of a series of trials demonstrating random digits
at the rate of one digit per second. At each trial, the number
of digits shown was increased by one until the patient failed
twice to recollect every digit. The last number of digits
correctly recollected was the patient’s digit span score. In
each test, after all the digits had been shown, the patient
was instructed to enter the digits with the same order
(forward digit span) or with the inverse order (backward
digit span) as they were presented.

2.5. Data Analysis. After all the training, the mean relative
amplitude (relative to 0.5–30Hz) in each session was calcu-
lated in not only the training frequency bands: the IAB and
the beta2 (20–30Hz), but also the neighboring frequency
bands: the individual theta (4 Hz-LTF), the individual sigma
(HTF-16Hz), and the beta1 (16–20Hz).
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Figure 1: The illustration of determining the IAB.
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3. Results

3.1. EEG. Different from the standard alpha band (8–12Hz),
the IAB was between 5.8 and 10.8Hz and the peak alpha
frequency was 9.5Hz. Thus, the theta band ranged from
4Hz to 5.8Hz and the sigma band ranged from 10.8Hz to
16Hz. Since the duration varied across the user control
sessions, we only presented the first two user control sessions
and the four fixed sessions to examine the EEG change from
the beginning to the end of training. In line with the training
objective, the relative IAB amplitude shows an increase trend
while the relative beta2 amplitude presents a decrease trend
along sessions (see Figure 2). Specially, the relative IAB
amplitude increased 74.73% while the relative beta2 ampli-
tude decreased 13.73% from the first user control session to
the last fixed session. We can see that the IAB obtained much
larger change than the beta2, indicating that self-regulation
of IAB was easier than that of the beta2 for this patient. In
addition, the feedback parameter IAB/beta2 increased from
1.78 to 3.61. The above results indicated that the subject
could learn to self-regulate the requested brain activity by
the NF training. Besides the training frequency bands, other
frequency bands also demonstrated some changes shown in
Figure 2. Theta did not have obvious change trend over ses-
sions while the sigma and the beta1 showed an increase trend
over sessions.

The threshold obtained gradual increase over sessions
(from 1 to 3.5), which also indicated that the patient

could overcome the difficulties of training and achieve a
high value of the training parameter. In the last several ses-
sions, the largest percentage time of exceeding threshold
3.5 was 57.64%.

3.2. Effective Mental Strategy. During the user control ses-
sions, the patient applied different types of mental strategies
such as family members, friends, school life, previous job,
bodhisattva, sutra, and natural scenery. During the session
intervals, she read books and talked with a psychotherapist
who accompanied her while the EEG was recorded. The
conversation included her frequent thoughts about suicidal
ideation, hatred, family issues, future (worry), complaints,
abnormal behavioral patterns (such as getting naked), and
so on since her first noticeable episode. The psychotherapist
tried to calm down negative mood and change her negative
thinking. By the user control sessions, it was found that the
most effective mental strategies were natural scenery includ-
ing waterfall, moon, lake, mountain, lotus, and sea.

3.3. Behavioral Performance. For the short-term memory
test, the forward digit test was 7 and the backward digit test
was 5 before training. At the end of training, the forward digit
test was 9 and the backward digit test was 6. The patient
reported that it was easier to remember the digits after
training. Moreover, the patient showed large improvement
in mood and speech pattern scored by her psychotherapist.
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Figure 2: EEG results during NF sessions. Session 1 and session 2 are the user control sessions. Session 3 to session 6 are the fixed sessions.
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Before NF training, the patient had positive and negative
psychotic behavioral symptoms which were not shown in the
healthy people. After the end of NF training, she kept on
practicing the most effective training strategies at home daily
without any NF training monitor administered. We used a
scale (0–9), where “0” represents the least noticeable symp-
toms and “9” represents the most noticeable symptoms.
The participant’s positive and negative symptoms dramati-
cally improved on the 22 months follow-up. As shown in
Table 1 scored by her psychotherapist, most positive and
negative symptoms were least noticeable after 22 months
of completing NF. Nowadays, she is back to the commu-
nity and working as a home health aide in taking care of
the elderly.

4. Discussion

The objective of this study was to explore the effect of short
but intensive NF training for patient with chronic schizo-
phrenia. A middle-aged woman with chronic schizophrenia
participated in the experiment. According to the symptoms
of this patient, the abnormal alpha and beta activities in
schizophrenics [12–15], Bolea’s clinical experience [8],
and the antipsychotic treatment and TMS for schizophre-
nia [16, 17], the intensive NF training was designed to
increase alpha amplitude simultaneously to decrease the
beta2 amplitude at P4 location.

From the training duration of each day (more than
1 hour on day 1 and more than 3 hours on the remaining
days), it was observed that the patient was willing to per-
form such intensive training. In spite of only four days of
NF, the patient found out the most effective mental strate-
gies and learnt how to regulate her brain activity. Consis-
tent with our training objective, the relative IAB
amplitude increased and relative beta2 amplitude decreased
over training sessions. Although the patient maintained the
medications during the training period, we speculated that
her EEG changes mainly resulted from the NF training
for two major reasons. First, since she already took

medications before training for a long time, the contribu-
tion from medications became relatively stable. Observed
changes of the EEG during training were very likely due
to NF training. Second, the patient found out effective
mental strategies to regulate her alpha and beta2 activities
during the NF training, and such increase in alpha and
decrease in beta2 were in line with the NF setting.

The above EEG changes by NF training were associated
with her observable cognitive and behavioral improvements,
such as short-term memory, mood, and speech patterns
after training. What is more, with the follow-up study
after 22 months of completing NF, she showed a dramatic
improvement in both positive and negative symptoms, dis-
played a remarkable progress, and was treated as a capable
person. Similarly, we think that these positive outcomes
resulted from the NF training, which could be explained
from the following two aspects. First, the patient had no
noticeable improvement for more than seven years with
either single antipsychotic treatment or combined antipsy-
chotic and psychotherapeutic treatment before NF training.
Second, she learnt how to regulate her brain activities
through the NF training, which enhanced her confidence in
self-control. From her psychotherapist’s report, although no
more NF training was conducted after her first NF training,
she still practiced useful mental strategies daily at home,
at least, up until 22 months later from her first NF train-
ing. By inference, therefore, her improvement was due to
the NF training since there were no major differences
with the patient’s other treatments, psychotic medications,
and psychotherapy.

Bolea [8] suggested that reduction of fast beta and
enhancement of alpha (8–12Hz) at P4, PO4, and CP4
seemed very important for chronic schizophrenia patient,
and our study partially confirmed this aspect. The patient
achieved a reduction of the beta2 and an enhancement of
the IAB at P4 by only four days and improved her symp-
toms dramatically in the follow-up data. To some extent,
our result is also consistent with the finding that the
enhancement of the alpha power by TMS led to the signif-
icant reduction in negative symptoms in the patients with
schizophrenia [17].

This study presented a preliminary step to apply short
but intensive NF training on the schizophrenic patient with
auditory hallucinations. The limitations in this work include
small patient number, single channel EEG recording, and the
lack of follow-up EEG data. The change of EEG at other loca-
tions and the lasting effects on EEG are not clear yet. More-
over, there are six subtypes of schizophrenics and each
subtype is associated with a different electrophysiological
profile [21]. Future study shall include a larger number of
patients, multichannel EEG measurements, and control
groups in order to fully examine the effects of such NF
training on all aspects.

In conclusion, the patient with schizophrenia showed a
dramatic improvement by the intensive NF training of
alpha/beta2. This relatively short but intensive NF training
protocol may offer a promising therapeutic approach for
schizophrenia and thus deserves further study to fully
examine its scope.

Table 1: Symptom comparison.

Symptom type Symptoms
Pre-NF
training

22nd-month
follow-up

Positive

Visual hallucination 7 0

Auditory hallucination 9 1

False beliefs 9 1~2
Distorted reasoning 9 1

Disorganized speech 9 0

Misinterpreted perception 9 0~1

Negative

Limited facial expression 9 0

No emotional and verbal
communication

8 0

Restricted body
movement and gesture

9 0

No motivation to
initiate things

8 0~1
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Most daily movements require some degree of collaboration between the upper limbs. The neural mechanisms are bimanual-
condition specific and therefore should be different between different activities. In this study, we aimed to explore intraregional
activation and interregional connectivity during bimanual movement by functional magnetic resonance imaging (fMRI). Ten
right-handed, normal subjects were recruited. The neural correlates of unimanual (right side) and bimanual (in-phase and
antiphase) upper limb movements were investigated. Connectivity analyses were carried out using the psychophysiological
interaction (PPI) model. The cerebellum was strongly activated in both unimanual and bimanual movements, and the cingulate
motor area (CMA) was the most activated brain area in antiphase bimanual movement. Moreover, compared with unimanual
movement, CMA activation was also observed in antiphase bimanual movement, but not in in-phase bimanual movement.
In addition, we carried out the PPI model to study the differences of effective connectivity and found that the cerebellum
was more connected with the CMA during antiphase bimanual movement than in-phase bimanual movement. Our
findings elucidate the differences of the cerebellar-cerebral functional connectivity between antiphase and in-phase bimanual
movements, which could be used to facilitate the development of a neuroscience perspective on bimanual movement control in
patients with motor impairments.

1. Introduction

Most daily movements require certain degree of collabora-
tion between the upper limbs [1–3]; interlimb coordination
is important for performing goal-oriented daily movements
[4]. Bimanual movements, which are more abundant than
unimanual movements [3], are effective instruments to
investigate motor dysfunctions in general and the under-
lining mechanisms of asymmetry and lateralization follow-
ing neurodegenerative disorders and other neurological
diseases [3, 5, 6].

Previous studies have focused on two patterns due to their
basic model of all-bimanual movement [7]: the in-phase pat-
tern, arising from the homologous muscle activation, and
the antiphase pattern, arising from the nonhomologous

muscle activation [3]. One example of such bimanual move-
ment is the simultaneous (in-phase) or alternative (antiphase)
flexion and extension elbowmovement used in our study. In-
phase bimanual models are more precise and stable than anti-
phase models at any time [4, 8, 9], while the antiphase models
are increasingly destabilized at high frequencies, even result-
ing in a transition to themore stablemodels [10]. On the other
hand, control of such bimanual coordination tasks is often
disrupted in patients suffering from brain pathologies. Com-
pared with bimanual in-phase movements, patients with
neurological diseases, such as Parkinson’s disease, can make
more errors when they perform bimanual antiphase move-
ments [11, 12]. It is commonly agreed that bilateral arm
movements are associated with extra brain circuits, for
example, primary motor cortex, premotor cortex (PMC),

Hindawi
Behavioural Neurology
Volume 2017, Article ID 8041962, 9 pages
https://doi.org/10.1155/2017/8041962

https://doi.org/10.1155/2017/8041962


and the supplementary motor cortex (SMA) [13–16] over
and above the basal ganglia [17, 18]. In addition, some
studies also suggest the crucial role of the cerebellum
[19] and cingulate motor area (CMA) [20–22] in mediat-
ing the coordination of limb movements. Despite all these,
previous studies suggested that (1) brain activation during
bimanual movement does not reflect the sum of brain
activation of left and right unimanual movements [23],
(2) the same brain regions and even the same neurons
respond similarly during unimanual and bimanual move-
ments based on the electrophysiological responses [24],
and (3) the most significant differences of various biman-
ual might be more related to the degree of interregions’
connectivity [25]. Therefore, it is needed to further inves-
tigate the neural connectivity of the bimanual coordina-
tion, which may help to well understand the neural
mechanism and guide the precise clinical treatment.

In this study, we aimed to explore the neurological
bimanual movement mechanism by directly comparing the
intraregional activation and interregional connectivity
between bimanual antiphase and in-phase movements using
the blood-oxygen-level dependent (BOLD) functional mag-
netic resonance imaging (fMRI). We chose unimanual and
bimanual extension-flexion elbow movements as our tasks.
Although these bimanual in-phase and antiphase movements
are relatively simple for normal subjects to complete, it is still
the most vulnerable impairment in motor function and the
basis of motor recovery training for patients with neurologi-
cal disease. Based on previous research, we hypothesized that
the degree of involvement in bimanual movement would
contribute to changes in intraregional activation and interre-
gional coupling and highlight the role of the cerebellar-
cerebral functional connectivity during bimanual movement.

2. Materials and Methods

2.1. Subjects. Ten normal subjects (age range, 55–63 years;
mean± SD, 59.5± 2.5 years; 4 men and 6 women) were
recruited in our study. We recruited subjects aged 55–63
years old because the age has direct implications for the
performance of everyday functional activities [26, 27] and
older adults tend to decrease coordination and smoothness
of movement [28]. Exclusion criteria included history of
stroke, heart attacks, and psychiatric diseases. All subjects
were right-handed measured with the Edinburgh handedness
inventory [29] and signed their informed consent forms. The
study was approved by the Ethical Committee of the First
Affiliated Hospital of Sun Yat-sen University.

2.2. Tasks. Subjects were required to perform three types of
elbow extension and flexion movement tasks: (1) unimanual
movement (the right elbow movement), (2) bimanual in-
phase elbow movement (both elbow movements simulta-
neously), and (3) bimanual antiphase movement (both elbow
movements alternately). To avoid distractions from auditory
and vision, we used the self-paced paradigm where all the
movements were executed at an interval of 2 s. Moreover,
all subjects practiced before the fMRI till they can perform
the tasks correctly.

2.3. fMRI Procedure. A 3.0T Siemens Sonata scanner was
used for our study. The echoplanar imaging gradient
sequence was used, and thirty-six axial slices were collected
(echo time (TE) = 25ms, repetition time (TR)=2000ms,
field of view (FOV)=200× 200 cm, flip angle = 90o,
matrix = 64× 64, thickness = 3mm, and gap=0.3mm).More-
over, 3D T1 images were obtained (echo time/TE=2.54ms,
repetition time/TR=1460ms, inversion time=900ms, image
matrix = 256× 256, flip angle = 9°, number of slices = 192, and
thickness = 1mm) [23]. We used the block-design paradigm,
where one fMRI session and three task sessions were per-
formed randomly for one subject. Each task session contains
the “rest” and “active” conditions, and each condition lasted
for 20 s. In each session, the “rest” and “active” conditions
were alternatively repeated six times. During the rest condi-
tion, subjects were instructed to remain motionless, while
during the active condition, subjects performed one motor
task in each session. Thewhole process of fMRI data collection
for each subject was monitored by an investigator standing
within the fMRI scan room. If there were any errors during
performing the task or obvious head movements, the subject
was required to repeat that session until he/she could perform
the movement properly.

2.4. Data Analysis. fMRI data were analyzed with Statistical
Parametric Mapping 8 software (SPM8, http://www.fil.ion
.ucl.ac.uk/spm/software/spm8/). The functional data sets
were reoriented into the anterior commissure-posterior
commissure (AC-PC) axis planes. Afterward, these data were
preprocessed by following four steps: realignment, coregis-
tration, normalization, and smoothing. (1) Realignment was
used to correct for each subject’s head motions and rotations
during the scanning session, where all subjects had less than
1° of rotation in each axis and less than 3mm maximum
translation in the X, Y, or Z plane. (2) Coregistration between
the structural and functional data was applied to maximize
the mutual information. (3) Normalization was used to spa-
tially realign all functional volumes into MNI (Montreal
Neurological Institute) space, and then all the normalized
images were resliced by 3× 3× 3mm3 voxels. (4) Smoothing
was used to smooth the normalized functional series with a
6mm full width at half-maximum Gaussian filter. Statistics
were conducted on family-wise error corrected at P < 0 05.
For the group analysis, one-sample t-tests were used for
the identification of the the brain activity for three move-
ment tasks, respectively (P < 0 0001, noncorrected, cluster
size> 10). Moreover, paired t-tests were used for compari-
son of the brain activity between bimanual and unimanual
movements (antiphase bimanual and unimanual move-
ments, in-phase bimanual and unimanual movements,
and antiphase and in-phase bimanual movements), respec-
tively (P < 0 001, noncorrected).

2.5. Regions of Interest. Because we were interested in grey
matter structures, bilateral volumes of the following 9 cortical
and subcortical regions were extracted and used in the statis-
tical analyses: primary motor cortex (M1), SMA, PMC,
cingulate cortex area (CMA), thalamus, caudate, putamen,
pallidum, and cerebellar cortex. These 9 cortical and
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subcortical regions of interest (ROI) were chosen, given their
incontestable involvement in motor control.

2.6. Functional Connectivity Analysis. Psychophysiological
interaction (PPI) was used to analyze the functional con-
nectivity in this study [30, 31]. This method indicates
task-specific increases in the relationship between different
brain areas’ activity [30]. We used PPI to detect the differ-
ence in effective connectivity while the subject performed
in-phase bimanual upper limb movements versus anti-
phase movements.

We chose the cerebellum as a ROI for PPI analysis given
the critical role of the cerebellum in motor control and
because it was consistently activated in all subjects during
both unimanual and bimanual conditions. The PPI analysis
used a general linear model (GLM) to examine the interac-
tion of task condition (http://www.fil.ion.ucl.ac.uk/spm/).
The fMRI time course of each selected ROI was obtained
by using the first eigenvariate of a 6mm radial sphere sur-
rounding each peak voxel. Then, the one-sample t-test was
used to do the group analysis for bimanual tasks (anti-
and in-phase bimanual movements) respectively, and the
paired t-test was used to compare the differences between
anti- and in-phase bimanual movements in the subject
group (P < 0 05, noncorrected) [32].

3. Results

3.1. Brain Activity Analysis

3.1.1. Unimanual Movements. The most peak T values of
activation were in the right cerebellum and right SMA during
right-elbow movement (peak T values: 23.73 and 20.81 sepa-
rately) (Table 1; Figure 1(a): one-sample t-test, P < 0 0001,
noncorrected, cluster size> 10).

3.1.2. Bimanual Movements. During the antiphase move-
ments, normal subjects activated the right cingulum, left
SMA, left PMC, bimanual cerebellum cortex, right pallidum,
and bimanual thalamus, whereas during the in-phase move-
ments, normal subjects activated the bimanual cerebellum
cortex, bimanual SMA, and left PMC. Moreover, the three
greatest peak T values of activation were in the right cingu-
lum, left SMA, and left PMC during antiphase movement
(peak T values: 21.56, 17.29, and 13.70, resp.) and right cere-
bellum, right SMA, and left cerebellum during in-phase
movement (peak T values: 13.32, 13.01, and 12.38, resp.)
(Table 1; Figures 1(b) and 1(c): one-sample t-test,
P < 0 0001, noncorrected, cluster size> 10).

3.1.3. Bimanual Movements versus Unimanual Movements.
There was more activation in the bimanual cingulum, right
PMC, bimanual SMA, right M1, bimanual pallidum, right
putamen, right caudate, and left thalamus during antiphase
bimanual movements than in unimanual movements
(Table 2; Figure 2(a): paired t-test, P < 0 001, noncorrected,
cluster size> 0). Additionally, there was more activation
in the right PMC, left cerebellum, and right cerebellum
during in-phase bimanual movements than in unimanual

movements (Table 2; Figure 2(b), paired t-test, P < 0 001,
noncorrected, cluster size> 0).

3.1.4. Antiphase Bimanual Movements versus In-Phase
Bimanual Movements. There was more activation in the right
PMC and left SMA during antiphase movements than in-
phase movements whereas there was more activation in the
left PMC during in-phase movements than antiphase move-
ments (Table 3; Figure 2(c): paired t-test, P < 0 001, noncor-
rected, cluster size> 0).

3.2. Functional Connectivity Analysis. PPI analysis found
that, compared to in-phase movement, the cerebellum was
more connected with the left cingulum, left thalamus, right
thalamus, and right SMA area during antiphase movement
(Table 4; paired t-test, P < 0 05, noncorrected).

Table 1: Brain regions activated during performing unimanual
movements (right elbow) and bimanual movements (antiphase
and in-phase) in the normal subject group. Results were
thresholded at P < 0 0001, noncorrected, and cluster size> 10.

Brain region
Coordinates Peak level
x y z T value Z value

Unimanual movement

Right cerebelum_superior 9 −52 −13 23.73 6.00

Right supplementary motor
area

3 5 56 20.81 5.81

Right cerebelum_superior 27 −43 −25 17.10 5.51

Left supplementary motor
area

0 2 68 16.09 5.42

Left cerebelum_superior −33 −61 −25 14.31 5.23

Left cingulate gyrus −6 11 41 14.18 5.22

Left pallidum −21 −7 −1 14.11 5.21

Left thalamus −15 −22 2 10.71 4.75

Left putamen −30 −7 5 9.26 4.50

Antiphase movement

Right cingulate gyrus 12 −1 44 21.56 5.86

Left supplementary motor
area

−9 −4 50 17.29 5.53

Left precentral gyrus, PMC −21 −13 62 13.70 5.16

Right cerebelum_superior 27 −40 −28 11.07 4.81

Right pallidum 21 −4 −1 10.66 4.74

Right thalamus 15 −16 8 10.60 4.73

Left thalamus −18 −10 −1 10.05 4.64

Left cerebelum_superior −9 −58 −13 9.67 4.58

In-phase movement

Left cerebelum_superior −30 −46 −25 13.32 5.11

Right supplementary motor
area

3 −4 62 13.01 5.08

Left cerebelum_superior −9 −55 −13 12.38 4.99

Left paracentral_lobule,
PMC

−18 −13 65 11.46 4.87

Left supplementary motor
area

−6 −19 50 11.19 4.83

Right cerebelum_superior 21 −46 −22 9.64 4.57

3Behavioural Neurology

http://www.fil.ion.ucl.ac.uk/spm


4. Discussion

Our study was designed to evaluate the brain’s intraregional
activation and interregional connectivity during bimanual
movements (antiphase versus in-phase). We detected that
the cerebellum and SMA were strongly activated in both
unimanual and bimanual movements, and the CMA was
strongly activated only in antiphase bimanual movements.
In addition, we utilized the PPI module to study the changes
in connectivity with the cerebellum and found that the cere-
bellum was more connected with the CMA during antiphase
movement than in-phase movement. These findings dem-
onstrate that antiphase bimanual movement could affect
the specific cerebral-cerebellar connectivity via higher CMA
activation with the cerebellum.

4.1. Change in Brain Activity. In our study, the most brain
activation was found in the CMA during bimanual antiphase
movement, while in the cerebellum during unimanual move-
ment and bimanual in-phase movement. Meanwhile, com-
pared to unimanual movement, more highly activated
CMA levels were also found in antiphase bimanual move-
ment than in-phase bimanual movement. Our results are in

agreement with a previous study from Picard and Strick,
who also reported that compared to unimanual movements,
bimanual movements led to a strong activation of the CMA
[33]. These results indicate that the principles of interlimb
coordination are unique and cannot be simply inferred from
the laws of single-limb movements [5]. In other words,
regions respond more strongly to bimanual movements than
would be inferred from summing up the responses to the
unimanual tasks [10]. Moreover, although bimanual tasks
were used in the studies, some particular regions were only
activated with sufficiently high degree of bimanual coordina-
tion [10, 34]. One of reasons might be that the antiphase
bimanual movements are relatively less stable and accurate
and requires more attention as compared to the in-phase
bimanual movement [5, 35, 36]. Otherwise, generally, the
activation of the CMA is also related to the higher-order
aspects of motor behavior [37], such as higher task difficulty
[38, 39] and cognitive control. Wenderoth et al. [34] used
fMRI to investigate the neural correlates of different coordi-
nation efforts; their important finding was that the execution
of spatially complex bimanual coordination, as compared to
unimanual subtasks, activated the CMA. The CMA was acti-
vated when subjects performed spatially complex bimanual
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Figure 1: Brain regions activated during performing unimanual (right elbow) and bimanual (antiphase and in-phase) movements in the
normal subject group. Results were thresholded at p < 0 0001, noncorrected and cluster size> 10. (a) Brain areas activated during
performing unimanual movement (right elbow). (b) Brain areas activated during performing antiphase bimanual movements. (c) Brain
areas activated during performing in-phase bimanual movements.
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coordination movements as compared to unimanual move-
ments. Furthermore, a lesion study from Stephan et al.
showed that patients with a damaged CMA cannot perform
nonsymmetrical bimanual movements, while symmetrical
movements are not impaired, which indirectly supports our
hypothesis that the CMA might be more specifically related
to antiphase bimanual movement than in-phase bimanual
movement.

4.2. Change in Effective Connectivity. Besides the intraregio-
nal activation analysis, we also used PPI model to investigate
effective connectivity within symmetric/asymmetric biman-
ual upper-limb movements. In our study, we found a signif-
icant difference between antiphase and in-phase bimanual
movements in the coupling between the cerebellum and
CMA. In addition, the fMRI model we used in this study
was made mainly reference to the methodology from Tao
Wu’s study on Parkinson’s disease published in 2010 [35].
But the major difference between our study and Tao Wu’s
study is the different ROI chosen in PPI analysis (cerebellum
versus SMA).

Regarding effective connectivity analyses, we chose the
cerebellum as the ROI in PPI analysis for two main reasons:

first, the cerebellum was strongly activated in both uniman-
ual (right elbow) and bimanual (antiphase and in-phase)
movements, which might be attributed to the anatomical
connectivity of the cerebellar cortex with cerebral regions
[40], and second, the critical role of the cerebellum in the
coordination of limbmovement [41, 42]. Previous experimen-
tal and clinical studies indicate that the cerebellum is essential
for the organization and execution of the bimanual task, and
dysfunction in this neural structure severely disrupts coordi-
nated limbmovements [19, 43]. Besides the cerebellum’s cog-
nitive, emotional, and sensory processing functions, one of the
most striking properties of the cerebellum is its control in the
timing of motor operations [40, 44–49]; the cerebellum is
implicated in timing. Data from clinical populations suggest
that patients with cerebellar pathology demonstrate a dys-
function in bimanual coordination tasks. For example,
the lesion study from Bracewell and colleagues reported
a 35-year-old man with obvious deficits in performing
coordination simultaneous cyclic movements of the arm
and leg on his ipsilesional side due to the unilateral cere-
bellar lesion [50]. Patients with cerebellar lesions were also
reported to present timing errors in the activation of ago-
nist and antagonist muscles during fast arm movements
[51]. In-phase coordination is characterized by simulta-
neous timing of homologue muscle activation, while the
antiphase coordination is characterized by the alternated
timing of activation of homologue muscles. Generating
accurate timing signals is essential for within-limb coordina-
tion (antiphase or in-phase bimanual movement); therefore,
our investigation focused on the potential interaction
between the cerebellum and other brain regions.

Bimanual coordination (antiphase versus in-phase) is
characterized by precise spatial and temporal interactions
between the limbs. Interhemispheric connections appear to
be important for bimanual coordination. Chen and col-
leagues investigated the transcranial magnetic stimulation
(TMS) effect on antiphase and in-phase bimanual move-
ments and found that for the bimanual in-phase task, TMS
could simultaneously reset the rhythmic movements of both
hands, whereas TMS had difficulty in affecting antiphase
bimanual movement [52]. In addition, damage to the cerebel-
lumearly in development canhave long-termeffects onmove-
ment and cognition due to the multiple cerebral-cerebellar
circuits that are affected [43]. Those studies indicated that
more complicated interhemispheric communication takes

Table 2: Brain areas more activated in performing bimanual
movements (antiphase or in-phase) than in performing unimanual
movements in the normal subject group separately. Results were
thresholded at P < 0 001 and noncorrected.

Brain region
Coordinates Peak level
x y z T value Z value

Antiphase versus unimanual
movement

Right cingulate gyrus 9 2 41 7.57 4.14

Right precentral gyrus, PMC 27 −22 74 7.38 4.10

Left supplementary motor
area

−9 5 47 6.33 3.81

Right precentral gyrus, M1 42 −22 62 6.30 3.81

Left pallidum −12 −1 −1 5.58 3.58

Right pallidum 21 −4 −1 5.51 3.56

Right putamen 30 14 −1 5.24 3.46

Right caudate 21 20 14 4.69 3.26

Left cingulate gyrus −9 −7 50 4.65 3.24

Right supplementary motor
area

3 −1 53 4.54 3.20

Left thalamus −15 −7 −1 4.34 3.11

Unimanual movement versus
antiphase

None activation

In-phase versus unimanual
movement

Right precentral gyrus, PMC 30 −22 71 7.51 4.13

Left cerebelum_superior −33 −40 −31 6.26 3.80

Right cerebelum_superior 12 −46 −4 4.89 3.33

Unimanual movement versus
in-phase

None activation

Table 3: Brain areas more activated in performing antiphase
bimanual movements than in performing in-phase bimanual
movements in the normal subject group. Results were thresholded
at P < 0 001 and noncorrected.

Brain region
Coordinates Peak level
x y z T value Z value

Antiphase versus in-phase

Right frontal_sup_2, PMC 24 −7 62 4.61 3.22

Left supplementary motor area −9 −7 68 4.34 3.11

In-phase versus antiphase

Left precentral gyrus, PMC −30 −25 71 4.60 3.22
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place in the relatively complex antiphase bimanualmovement
than in in-phase movement. One of the important findings
of our study is that the cerebellum was more connected to
the CMA during antiphase movements than in-phase
movements. Although the studies related to the functional-
anatomical relationship might be better to investigate the
neuron network, only a few studies focused on the CMA
and its neural network with the cerebellum structures. From
the anatomical point of view, connections between the cere-
bellum and CMA comprising a cingulocerebellar circuit
have been shown to exist by tracing studies [53, 54]; yet,
related studies are still rare. However, this solid connection
between the CMA and the cerebellum is the theoretical basis
and direct support for our results. On the other hand, from
the neural networks’ point of view, the cerebellum and the
CMA both play crucial roles in information process dur-
ing complex cognitive and motor tasks [55]. Liu and

colleagues carried out resting-state fMRI to study the dif-
ferences in the functional connectivity and anatomical
connectivity of the cerebellum between schizophrenic
patients and normal controls and found that the bilateral
cerebellum showed reduced functional connectivity to the
bilateral CMA in patients, compared to controls [44].
The results revealed the potential functional connectivity
between the cerebellum and the CMA, even though this
connection was more related to cognitive modulation. In
other words, in our study, normal subjects might use the
similar strategy of increasing connectivity between the cere-
bellum and the CMA when performing antiphase bimanual
movements than performing in-phase bimanual movements,
since the antiphasemovement needsmore attention andmore
cognitive processing is involved, compared to the in-phase
bimanual movement. The underlying servomechanism of this
cingulocerebellar circuit tomodulate themotor cooperation is
still not fully understood and needs to be further studied. In
addition, theremight be another important theory of transcal-
losal inhibition attributed to our results. Both in-phase and
antiphase movements require synchronization between the
two sides of the upper limbs, but the antiphase movements
additionally need contralateral movement suppression and
the independence of the two movements [35]. There is an
interhemispheric synchronization and disinhibition to con-
trol the coupled bimanual upper limb movement [4]. These
studies [10, 56, 57] showed that the CMA suppresses the
intrinsically favored coordination tendencies and facilitates
less familiar bimanual movements; because of that, the
CMA appears to play a more generic role related to cognitive
control and response inhibition [34]. That could also be used
to explain why the CMA was more activated in antiphase
bimanual movement in our study. Furthermore, with the
widespread use of TMS on clinical therapy, the studies on
the TMS stimulation targets have also expanded from motor
cortex to cerebellum [58]. Our study result of enhanced con-
nectivity between CMA and cerebellummight be contributed
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Figure 2: Comparison of brain regions activated during bimanual (antiphase and in-phase) and unimanual (right elbow) movements in the
normal subject group. The cingulum area was strongly activated only in antiphase bimanual movements. Results were thresholded at
p < 0 001 and noncorrected. (a) Brain areas more activated for antiphase bimanual movements than for unimanual movements in the
normal subject group. (b) Brain areas more activated for in-phase bimanual movements than for unimanual movements in the normal
subject group. (c) Brain areas more activated for antiphase bimanual movements than for in-phase bimanual movements in the normal
subject group.

Table 4: Differences of effective connectivity in the cerebellum in
the normal subject group during performing antiphase bimanual
movements than in performing in-phase bimanual movements.
Results were thresholded at P < 0 05 and noncorrected.

Brain region
Coordinates Peak level
x y z T value Z value

Antiphase versus in-phase

Left cerebelum_superior −31 −40 −29 18.35 4.05

Left cingulate gyrus −13 26 25 14.03 3.79

Left thalamus −19 −19 16 12.18 3.65

Left cingulate gyrus −7 −31 40 11.03 3.55

Right cerebelum_superior 11 −46 −2 10.70 3.52

Right thalamus 17 −25 13 10.64 3.51

Right supplementary motor
area

2 −19 55 7.19 3.09

In-phase versus antiphase

None activation

6 Behavioural Neurology



to the underlying mechanism of the cerebellum’s crucial role
in time perception during motor processing.

4.3. Limitation. There are two important points regarding the
limitations of this study. The first point is that we just studied
right-handed, normal subjects of relatively small sample size
and the subjects between 55 and 63 years old. Future research
will be necessary to enroll left-handed subjects, subjects older
than 63 years old (The epidemiologic study showed advanced
age is the single most significant risk factor as 95% of stroke
cases occur in people aged 45 years and above and 2/3 of
stroke occur in those over the age of 65 years [59, 60].) and
patients with upper limb dysfunction to explore the neuro-
physiology mechanism effects found in the present study.
Secondly, considering this study was a pilot study focusing
on cingulate cortex to compare the antiphase/in-phase
bimanual tasks with dominant unimanual tasks, we just
enrolled ten normal subjects.

5. Conclusion

Our study revealed that the CMA is assumed to be more
involved in antiphase bimanual movement than in-phase
bimanual movement by increasing the activation and effec-
tive connectivity with the cerebellum. Our findings eluci-
dated differences in activity and connectivity due to the
patterns of bimanual upper limb movements, which could
be used to facilitate the development of a neuroscience
perspective on bimanual movement control in patients with
motor impairments.
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With the increase in the elderly, stroke has become a common disease, often leading to motor dysfunction and even permanent
disability. Lower-limb rehabilitation robots can help patients to carry out reasonable and effective training to improve the motor
function of paralyzed extremity. In this paper, the developments of lower-limb rehabilitation robots in the past decades are
reviewed. Specifically, we provide a classification, a comparison, and a design overview of the driving modes, training paradigm,
and control strategy of the lower-limb rehabilitation robots in the reviewed literature. A brief review on the gait detection
technology of lower-limb rehabilitation robots is also presented. Finally, we discuss the future directions of the lower-limb
rehabilitation robots.

1. Introduction

Stroke is an illness that has a high potential of causing
disability in the aged [1]. With the increase in the elderly,
stroke has become a common disease, which often leads to
motor dysfunction or even permanent disability [2]. There
are about 795,000 people in the United States each year,
and about 191,000 people in Japan who have had a new
stroke or recurrent stroke [3]. The number of new stroke
patients in China is about 200 million each year [4].
According to the national stroke statistics, stroke morbid-
ity, mortality, and recurrence rate increase with age [5].
At the same time, stroke incidence showed a younger
trend in recent years. As a result, the rehabilitation training
of stroke survivors has become a major social problem
urgently. However, traditional manual therapies such as
physical therapy (PT) and occupation therapy (OT) mainly
depend on the experience of the therapist, and it is difficult
to meet the requirements of high-intensity and repetitive
training [6]. Due to the serious shortage of physiotherapists,
the treatment cannot be guaranteed [7]. As a result, the
demand for advanced rehabilitation equipment is signifi-
cantly increasing, which will help patients to perform
accurate, quantitative, and effective training [8]. Rehabili-
tation robotics is an emerging field expected to be a
solution for automated training. Over the past decade,

rehabilitation robots received increasing attention from
researchers as well as rehabilitation physicians. The
application of rehabilitation robot can release the doctors
from heavy training tasks, analyze the data of the robot
during the training process, and evaluate the patient’s
rehabilitation status. Due to the advantages of their
accuracy and reliability, rehabilitation robots can provide
an effective way to improve the outcome of stroke or
postsurgical rehabilitation.

Nowadays, there have been several published review
papers on lower-limb rehabilitation robot. However, very
few details of control strategies, driving modes, training
modes, and gait perception were given to the lower-limb
rehabilitation robot.

In this paper, we systematically reviewed the current
development of lower-limb rehabilitation robot, providing a
classification, a comparison and a design overview of the
driving modes, training paradigm, control strategy, and gait
perception. The rest of the paper is organized as follows.
Section 2 described the development of robots. Section 3
introduced the driving modes of the lower-limb rehabilita-
tion robot. Section 4 presented control strategies, including
position control, force signal control, and biological medical
signal control. In Section 5, the training pattern of the robot
was recommended. In Section 6, different techniques of the
gait perception were analyzed. In Section 7, limitations of
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the study and future direction of development were discussed
and summarized.

2. Development of Lower-Limb Rehabilitation
Robots

In recent years, various types of lower-limb rehabilitation
robots have been developed to enhance the motor function
of paralyzed limbs in stroke patients. In general, lower-limb
rehabilitation robots can be divided into two categories, that
is, exoskeleton robots and end-effector robots [9]. For
example, Lokomat [10], BLEEX [11], and LOPES [12, 13]
are typical exoskeleton robots, while Rutgers Ankle [14]
and Haptic Walker [15] are end-effector robots. According
to their rehabilitation principles, exoskeleton robots can
be divided into treadmill-based and leg orthoses, while the
end-effector robots have footplate-based and platform-
based types. An overview of recent representative robots
and their characteristics are demonstrated in Table 1.

2.1. Treadmill-Based Exoskeleton Robots. The Lokomat,
LokoHelp, Lopes, and Active Leg Exoskeleton (ALEX) belong
to the typical treadmill-based exoskeleton robots. Treadmill-
based exoskeleton robots are usually composed of a weight
support system and runs on a treadmill through the
lower-limb exoskeleton frame.

In 2001, the Swiss Federal Institute of technology in
Zurich [33] developed the four freedom exoskeleton type gait
rehabilitation robot Lokomat, with the use of treadmills. The
exoskeleton can drive the leg of the patient to realize the gait
motion in the sagittal plane, and the four rotary joints are
driven by four DC motors to drive the precision ball
screw transmission.

LokoHelp is a gait-training robot, which was developed
and produced by a German company, consisting of three
parts, a leg brace device, treadmill system, and suspension
weight system. It can achieve the basic gait rehabilitation
training and help patients complete the downhill exercise.
In addition, the equipment adopts a modular design method,
which is easy to assemble, disassemble, and adjust, in order to
realize the training of different slope. Clinical experimental
studies on LokoHelp have proved that [34, 35] the rehabilita-
tion effect of the robot system is almost the same as that of
the traditional gait training method, but it significantly
reduces the required human resources and the physical
exertion of the participants.

The Biomedical Engineering Laboratory at the University
of Twente [36], Holland, has developed a lower extremity-
powered exoskeleton gait rehabilitation robot (LOPES)
[37, 38]. A LOPES single leg has 2 degrees of freedom
in the hip joint and 1 degree of freedom in the knee joint.
LOPES divided the patient’s recovery into two stages:
patient dominant and robot driven, and different control
algorithms are used to make the walking training of the
patients closer to the actual situation.

The School of Mechanical Engineering, Delaware Uni-
versity, has developed an active walking training robot called
ALEX. It consists of a moving bracket, lower extremity
exoskeleton orthosis, and a control system. Each leg has four

degrees of freedom, two degrees of freedom of the hip joint,
and one degree of freedom of knee and ankle joints. The back
of ALEX, using mechanical mechanisms to balance the
gravity of the human body, can help patients achieve gravity
balance and altitude adjustment [39, 40].

2.2. Leg Orthoses and Exoskeletons. The Active Ankle-
Foot Orthosis (AAFO) [41], Knee-Ankle-Foot Orthosis
(KAFO), Berkley Lower Extremity Exoskeleton (BLEEX),
and Hybrid Assistive Limb (HAL) belong to the leg orthoses
and exoskeletons.

Yonsei University, Seoul, Korea, developed a single
degree of freedom hinge ankle-foot orthoses AAFO. The
orthosis uses a polypropylene material, which is lightweight
and has a certain degree of flexibility. Moreover, the joint
uses a hinge structure; the driving part adopts the series
elastic actuator. The contact between the foot and the ground
is determined by installing a contact switch on the foot [42]
and using the plantar state machine on the ankle foot
orthosis control. The gait is divided into 6 phases to prevent
foot drop in foot slap orthosis and toe drag stage [43].

In 2004, Dr. H. Kazerooni of the University of California-
Berkeley [44] designed the lower-limb exoskeleton robot
BLEEX (Berkeley Lower Extremity Exoskeleton), and designers
called it “weight-bearing and energy independent exoskele-
ton.” According to the force of the exoskeleton, the inverse
dynamic model of the exoskeleton is used as the feedforward
controller and the joint angle sensor is used to judge the
movement period of each leg and control the coordinated
movement of the exoskeleton. Through the experimental
study of four patients with paraplegia, the exoskeleton robot
can help patients achieve natural walking [45].

In 2005, the Department of Mechanical Engineering of
the Ottawa University [46] in Canada developed the Knee-
Ankle-Foot Orthosis (KAFOs), to help users of weak
extensor improve the gait. This orthosis does not use drive
and provides the power with the ingenious mechanical
structure and the position of the spring, and it controls the
flexion and extension of the knee joint through opening
and shutting off the solenoid. The robot control system
is simple, and it mainly uses the plantar force to control
on-off solenoid and complete assist standing control.

Hybrid Assistive Limb (HAL) is a wearable lower-limb
rehabilitation robot developed by the University of Tsukuba,
Japan. The original purpose of the device was to assist
patients with lower-limb motor dysfunction to complete the
routine activities such as walking, standing, sitting, and going
up- and downstairs [47]. At present, a fifth generation of the
products has been developed, a whole body wearable robot,
which can assist the upper and lower limb movement [48].
Notably, some clinical and experimental studies showed that
HAL can provide weight support for the subjects and can
help them complete their daily walking activities.

2.3. Foot Plate-Based End-Effector Devices. The foot plate-
based end-effector devices [49] consist of the Gait Trainer
GTI, Haptic Walker, and the G-EO Systems.

Gait Trainer (GTI) is a suspension weight loss gait
rehabilitation robot, developed by the Free University Berlin,
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Germany. It was based on the movement of the lower limb to
stimulate the muscles of the lower limb orderly and assist the
patient to complete gait training. However, because of the
interaction between the foot pedal and the patient’s foot,
the force feedback of the lower limbs was weak, and the
feeling of walking was larger than that of natural walking.
In addition, the robot’s gait training strategy emphasized
repetitive passive motion, while ignoring the importance of
active participation. GTI was an early device for lower-limb
rehabilitation, and there were many clinical trials in the
world [50–54]; the system reduces the physical strength con-
sumption significantly and also saved the medical resources
for rehabilitation.

In 2003, Hesse et al. proposed the concept of Haptic
Walker based on virtual reality technology. They developed
as a foot motion simulator 6 degrees of freedom, with the
use of hanging weight loss to realize the arbitrary trajectory
and the attitude motion in the sagittal plane, such as walking
on the rough surface or the lawn, tripping, and so forth.
In the virtual reality control mode, the patient wore a
helmet display and a six-degree-of-freedom force sensor
was installed on the foot pedal; the patient felt the virtual
reality scene and interacted with the virtual scene. The
virtual scene and music can also improve the monotonous
training atmosphere and enhance the training interest of
patients, to achieve the purpose of psychotherapy. The virtual
walking rehabilitation training robot was the first device to
realize the foot walking along the programmable free trajec-
tory, and redundant hardware and software emergency stop
circuits were set up on security as measures.

Compared to other sports platform, a robot actuated
by foot in Italy is driven by the pedal with lower-limb
movement. The robot added a new way of walking, such
as obstacle, step, and slope road. The training rich mode
and the active and passive control mode can be a more
effective targeted training [55]. The computer comes with
a huge data integration system, which can monitor the
patient’s rehabilitation index in real time. This robot uses
pedal structure, which is very comfortable and is easy to
use for the patient. However, due to the lack of auxiliary
devices in the legs, the patient’s muscle strength is too
strong or too weak to get the appropriate adjustment, so
a doctor is also needed from the side to help [56].

2.4. Platform-Based End-Effector Robots. The Ruegst ankle,
ARBOT, and parallel ankle robots belong to the platform
based on end-effector robots.

The first truly fully used for ankle rehabilitation robot
system was the “Rutgers ankle” proposed by Girone et al. of
Rutgers University [57]. It was a robot system based on the
Stewart platform [58] with virtual reality, force feedback,
and remote control [59]. The mechanism was composed of
a fixed platform, a movable platform, and six telescopic
branched chains that were connected with the movable plat-
form. It could carry out six independent movements with 6
degrees of freedom. The Stewart platform used six double
acting cylinders to drive six degrees of freedom motion, and
the virtual reality based human-computer interactive game
provided by the host makes the training process no longer

boring. Through the received data, doctors could understand
the movement of the ankle joint, and then use the network to
control, evaluate, and guide the patients to carry out the
appropriate rehabilitation training.

In comparison, exoskeleton robots are usually fixed in
various parts of the human limb, while producing different
forces/torques. However, for different patients, these exoskel-
eton robots may not be able to restore the patient’s limb
function due to its disadvantages and poor adaptability.
The end-effector robot is usually at a certain point in contact
with the patient’s body. Because there is no restriction on the
movement of human, the end effector is easier to adapt to
different patients [60].

3. Driving Mode of Lower-Limb Rehabilitation
Robots

The choice of driving mode directly effects the system
scheme of the exoskeleton robot, such as structure design
and control system, and it is the basis of exoskeleton robot
design. At the moment, the common drive modes of an exo-
skeleton robot are hydraulic drive, motor drive, pneumatic
drive, and SEA (series elastic actuator) [61, 62]. There are
other drive modes, such as pneumatic muscle and electronic
rod. We summarize different driving modes in Table 2.

Nowadays, the rehabilitation exoskeleton robot mostly
used motor drive mode; the robot just needs to bear the body
weight and assist hemiplegic patients in common activities,
such as walking and going up and down the stairs. Compared
with other drive modes, motor drive mode has many advan-
tages, like easy control, no pollution, low noise, and so forth.
Hydraulic drive mode is much simpler, smaller, and lighter
than other modes. Under the same load, the hydraulic drive
is much better than the other driving methods.

In summary, the drivers, such as hydraulic, motor,
pneumatic, and SEA (series elastic actuator) are limited
by the power, mass, and volume, and the consequence of
noise on people in the work is serious. Although the
development of artificial muscles plays an important role
in the problems, there are some technical challenges to
overcome. Another important aspect is the drivers’ energy
problem. The usable energy, such as nonrechargeable bat-
tery, rechargeable battery, and small internal combustion
engine, has both merits and limitations, so the potential
and perpetual method to solve these problems is to develop
new technologies, like electrochemical fuel cell and wireless
energy transmission.

4. Control Strategies for Lower-Limb
Rehabilitation Robots

According to the different signals that are obtained from the
initiative intention, the control strategy between robot and
patients is divided into three parts:

(1) Position control

(2) Force signal control

(3) Biological medical signal control.
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4.1. Position Control. The position control method is
trajectory-tracking control, which is to drive the lower limbs
to walk on the fixed mode. The gait is formed by a propor-
tional position feedback controller and joint angles and
suitable for lower limb muscle strength. Hornby confirmed
the efficacy of trajectory tracking control, which can increase
the speed and durability of patients with incomplete spinal
cord injury. Zhang et al. established the trajectory tracking
control of the 5 connection model, which can enhance the
participation of the patients and make the training more
personalized [73].

4.2. Force Signal Control. In this control strategy, force signal
is produced by limb contraction and interactions with
mechanical structure. The interaction force can be directly
measured by force and moment sensor in the elegant
mechanical structure design, which can be evaluated by the
kinetics models of the human-computer interactive system.
Compared with biological medical signal, force signal has a
better determinacy, which can better reflect the motion
intention of the patient, so the control based on force signal
is feasible and relatively steady. However, the acquisition of
interaction force usually requires mechanical structure,
which is less available than biological medical signal detec-
tion, so the applicable range of interactive controlling are
limited. In the interaction control strategy, between rehabili-
tation robot and patient, there are two most widely used
methods: hybrid force/position control and impedance
control [74].

4.2.1. Force/Position Hybrid Control. To resolve the control
problems of robot in a constrained environment [75], Raibert
proposed the force/position hybrid control strategy. Some-
times, we should control the position of the robot on some
specific directions, but on the other directions, we should
control the interaction force between the mechanical struc-
ture and the outside world. Therefore, when the robot
contacts the outside world, the task space of robot would be
split into two subspaces in the force/position hybrid control
strategy. The subspaces are position subspace and force
subspace, and it will complete the tracking control over
position and force in the corresponding subspace [76]. The
interaction control of lower-limb rehabilitative robot is
aiming to provide a safe, comfortable, and flexible place for
treatment and healing, and it does not need accurate force
trace control, so force/position hybrid control strategy is
uncommonly used in interactive controls.

Lokomat achieved a new cooperative gait training strat-
egy by using force/position hybrid control method [77].
The control of lower limb gait orthosis is a two-stage process.
In the step stage, according to the dynamic model to control
the power of the orthosis to provide reasonable support for
patients, it is difficult to accurately assess the relevant kinetics
model. Therefore, we just control the position of orthosis in
the standing stage. Besides that, gait stages of the limbs are
monitored in real time, as the converting signals of hybrid
control in the two stages. This strategy can help patients to
walk freely, and it requires active and full engagement of
the limbs of patients. Therefore, it is an active rehabilitation

training, which is highly intention-oriented and stimu-
lates the patients to participate positively and with initia-
tive in the rehabilitative training; it will accelerate the
recovery process.

4.2.2. Impedance Control. Impedance control is different
from force/position hybrid control. It focuses on realizing
the flexibility of the rehabilitation robot, which avoids exces-
sive force between the mechanical structure and limbs. This
method could provide a natural, comfortable, and safe
touch interface and avoid secondary damage effectively.
An additional advantage of impedance control is that the
achievement of impedance control is independent of the
prior knowledge [78]. In the control of interaction force
between robot and patients, impedance control has a more
extensive application.

In the robot control field, the theory of impedance
control was first proposed by Hogan [79], and it was the
spread of damping control and rigidity control. Seen from
the approach of realization, impedance control can be
divided into two categories: one is based on torque and the
other is based on position. The first one is based on
forward-facing impedance equations, but the explicit expres-
sions of impedance equations do not exist in the control
structures generally. The second one is based on reverse
impedance equations, which is also called admittance con-
trol. It usually adopts a typical double closed-loop control
structure; the outside loop controls the force and the inner
loop controls the position. The impedance control based on
position is easier to realize [80, 81] position servo control,
more mature, and stable. Aiming at Gait Trainer (GTI) of
lower-limb rehabilitative robot, Hussein proposed an adap-
tive impedance control algorithm for gait training [82].

4.3. Biological Medical Signal Control. Surface electromyo-
gram (sEMG) and electroencephalogram (EEG) are mostly
used in interactive controlling of lower-limb rehabilitative
robot. Since these signals are both using nonintrusive ways
to get, the ways of obtaining the sEMG and EEG are operable
and do not need a medical expert and its performance can
get guarantees.

4.3.1. The Control Based on sEMG. EMG signal is the elec-
trical activity produced by the skeletal muscle [83, 84].
According to different measurement methods, it is mainly
composed of sEMG and iEMG (intramuscular EMG).
sEMG is a signal obtained by attaching electrodes to the
surface of the skin, while iEMG is a signal obtained by
inserting a needle electrode into the muscle tissue beneath
the skin. Compared with the active signal, sEMG has the
following advantages:

(1) The acquisition of sEMG is simple and does not
require a complex mechanical structure design.

(2) The force signal is just the embodiment of all
muscle groups, and sEMG can reflect the degree
of activity of specific muscle groups, which can
be more detailed monitoring and control of the
movement of the limbs.
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(3) The interactive control based on sEMG has more
flexibility, which can realize the control of the
healthy limb to the diseased limb according to
the coordination of the body movement.

(4) sEMG has higher sensitivity and resolution than the
active force signal, and it is more suitable to use
sEMG to detect active motion intention for the
patients with lower limb autonomy.

The challenges of interactive control method based on
sEMG are as follows. First, through the human skin, to collect
sEMG signal has great randomness, and in order to obtain
the signals, which have high signal-to-noise ratio and can
truly reflect the muscle activity, we need to find an effective
way to filter out the interference of sEMG. Secondly, the
single channel sEMG only reflects the activity of specific
muscles, in order to obtain the active motion intention of
the patients, which is usually necessary to combine multiple
muscle activities. In contrast, the response of the force signal
to the active intention is more direct.

The interactive control strategy based on sEMG can be
divided into two categories:

(1) Using the remaining EMG of diseased limbs. This
method can not only stimulate the patients’ aware-
ness of active participation but also encourage
patients to control the contraction of limb muscles
during exercise. But for severely paralyzed patients,
their diseased limbs have almost completely lost their
motor function and cannot complete muscle contrac-
tion independently; the sEMG signal is so weak that it
is difficult to be detected. The first scheme is not
applicable in this case.

(2) Using the motion coordination of the left and right
limbs or upper and lower limbs and EMG signals
of the healthy limbs control the movement of the
paralyzed limb. This method in active participa-
tion of patients is less than the first strategy, but
it provides an active training program for severely
paralyzed patients.

4.3.2. The Control Based on EEG. The EEG signal is the
electrical activity of the brain [85], which is collected by
electrodes attached to the scalp, and it represents the voltage
fluctuations caused by the flow of ions between the neurons
in the brain.

The most important advantage of interactive control
based on EEG is that it is limited to the extent of physical
disability; even if the patient has completely lost the motor
function of the lower limb, as long as the brain can produce
motion control signals, the method is equally applicable. This
method is particularly suitable for patients with complete
spinal cord injury, and their brain function is normal, but
the control signal transduction pathway is cut off, so the
muscles of the limbs completely lost control. The interactive
control based on EEG is equivalent to the reconstruction of
the brain control signal transmission path outside the body,

and the motor and functional electrical stimulation device
are used as the actuator to regain the control of the limb
motor function.

This method is limited to the paralyzed patients whose
brain motor control function is normal, but it is not suitable
for patients with brain damage caused by stroke and other
reasons, because the brain motor function area of the patients
has been damaged and it has not been able to produce the
EEG signal of normal limb movement control. Secondly,
compared with the sEMG signal, the resolution of EEG on
limb movement intention is low and the EEG signal has a
greater randomness, in which changes in expression, mood,
and attention will easily effect the EEG signal generated by
the brain.

At present, the research in this area is mainly focused on
offline classification knowledge and regression analysis; the
knowledge pointed out the potential of the interactive control
of lower-limb rehabilitation robot based on the EEG, but the
actual application and the experimental results are almost
none. Compared with offline research, real-time interactive
control is facing more challenges. First, the real-time acquisi-
tion of the EEG signal is not possible to have the integrity of
the data used in offline research; the accuracy of the identifi-
cation may be affected. Secondly, it is necessary to ensure the
real-time performance of interactive control, which requires
the use of EEG signal for motion recognition, more impor-
tantly, to predict. Finally, in real-time interactive control,
the patient will not be able to complete the actual physical
movement independently, the acquisition of the EEG signal
corresponds to the movement of the brain, and this has
not been considered in the study of the existing lower-
limb rehabilitation robot.

5. Training Modes of Lower-Limb
Rehabilitation Robot

The effectiveness of lower-limb rehabilitation robots and
treatment depends largely on its training mode [86], which
will assist the patient in different patterns of movement
according to the patient’s recovery [87]. Figure 1 shows two
typical control modes for rehabilitation robots: passive mode
and active mode [89]. Recently, more subdivided training
modes for lower-limb rehabilitation have been proposed.
An overview of modes for rehabilitation robot is illustrated
in Table 3.

The rehabilitation-training mode is divided into four
kinds, which includes the passive mode, the active assist
mode, active mode, and active resist mode.

In the passive mode, the patient lost muscle strength
and could not complete the active movement. We can
only rely on the help of external forces to achieve the
patient’s passive training. The robot’s legs drive people’s
legs for rehabilitation training, and the lower-limb reha-
bilitation robot should provide sufficient strength for pas-
sive training. The advantage of this model is through the
repeated exercise to promote the recovery of limb motor
function and reduce muscle atrophy, but the patient
lacks motivation.

7Behavioural Neurology



In the active mode, the muscles of the patient have
certain strength and the active motion of the smaller torque
can be performed on the rehabilitation equipment. When
the patient wants to move his joint or limb, the robot device
will use an external assist force as needed. It requires the
robot to perceive the state of the patient and the force/tor-
que when following the patient’s movement. This model
can be modified according to the patient’s intention,
thereby greatly enhancing the initiative of patients.

In the active assist model, the muscles have certain
strength, but without the help of the robot legs, patients
cannot be fully trained. This allows the patient to move
without the help of a robot, which can improve the patient’s
ability to exercise independently.

In the active resistance model, the mechanical leg
provides a certain force, which is opposite to the direction
of the leg to achieve the purpose of strengthening muscle
training. This model is suitable for patients with high recov-
ery, and resistance makes the movement more challenging
and can enhance muscle strength in patients.

At present, there are a number of other training
methods, such as mirror motion and isotonic and isokinetic
exercise patterns. Although these new training patterns are
similar from the therapist’s view, they are also trying to
provide assistance or resistance to the patient in the course
of robotic therapy.

6. Gait Detection Technology

Accurate signal is the foundation of control; the quantitative
feedback information is helpful for developing reasonable
rehabilitation strategy according to the state of patients.
Therefore, the choosing of sensor, which can detect the
information of human computer interaction, is crucial. Gait
detection technology consists of three primary parts: plantar
sensing technology, limb sensing technology, and mixed
sensing technology.

Plantar sensing technology: it can judge the different gaits
by detecting the man-machine forces or the ground reaction
forces of foot using sensor.

Limbs sensing technology: it uses sensors to detect
motion intention of the lower limbs or the torso:

(1) The sensing technology based on angle sensor

(2) The sensing technology based on EMG [96] sensor

(3) The sensing technology based on BCI [97].

Mixed sensing technology can be applied to iden-
tify and judge the human gaits using two or more
sensors together.

Combining of the detection information of all kinds of
sensors, the control system can obtain accurate movement

Control system
Exercise timing
Session duration
Number of repetitions

Trigger to the
actuators Passive

mobilisation
Somatosensory
afferences

Active mode
Somatosensory afferences

Control system

Trigger to the
actuators

Passive
mobilisation

Active
movement

Instructions and
visual biofeedback

sEMG from
tibilalis anterior

Passive mode

Figure 1: Passive and active control modes [88].

Table 3: Overview of training modes for rehabilitation robot.

Training modes Characteristics Representative works

Passive mode
The robot helps the patient track the predetermined trajectory through

repeated tracking control for passive training.

Ankle robot and gait orthosis [90–92]
Gait Trainer (GTI) [30]

LOPES [93]

Active mode
When the patient has a certain initiative, the rehabilitation robot will

change its trajectory or assistance force.

AAFO [20]
LOPES [93]
ALEX [17]

Active assist mode
A kind of “active” mode. The patient does not need any help to move
the limb. When the threshold value reaches a certain standard, it will

trigger the robot.

HAL [22]
KAFO [21]

G-EO Systems [32]

Active resist mode
A kind of “active” mode. When the patient moves the limb, the robot

provides resistance to make the exercise more challenging.
ARBOT [94, 95]
Rutgers ankle [25]
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information to make sure that the exoskeleton robot will
work effectively and reliably.

At present, there are two main ways for detecting
motion intention, as shown in Table 4. One is human
robot interaction based on physical models (pHRI) [100].
It is mainly used for detecting interaction information
between patient and exoskeleton, such as position informa-
tion, force information, and so forth. Although there are
some kinds of lag in time, and the sensors’ installations effect
the comfort ability, this method is of high reliability. The
other is human robot interaction based on cognition (cHRI)
[100]. Using this method, motion intention of patients, as
input signals for controller, is gained through the identifica-
tion of EMG [96] signals. Patching the sensors on the skin
directly is very comfortable, but the sweat on the skin can
seriously effect measurement precision, and it also cannot
ensure the one-to-one mapping relationship between the
EMG signals and the joint torque. At the same time,
the misjudgments of the controller can cause secondary
damage. Obviously, we can accurately judge for motion
intention by fusing the two kinds of signals. The detection
method of human robot interaction information is presented
in Table 4.

The exoskeleton rehabilitation robot uses many kinds
of sensors to detect gait, but the detection methods still
have many problems, such as vulnerability to interference,
inaccurate judgment, and poor adaptability. Therefore, the
development of BCI technology and sensor technology are
crucial to solve the current problems.

7. Discussion

In this paper, the development of lower-limb rehabilitation
robot, training mode, driving mode, control strategy, and
gait detection technology are reviewed. The lower-limb
rehabilitation robot has many advantages, and it has
shown encouraging clinical outcomes and rehabilitation
efficiency. Although most of the lower-limb rehabilitation
robots can provide systematic and long-term treatment,
there are still some disadvantages and deficiencies summa-
rized as follows:

(1) The mechanical structure and control system of
rehabilitative robot need to be improved. During
rehabilitation training, it lacks exact control in real
time for patients’ joints angles, torque, speed, etc.

(2) The recently developed robots in domestic and
abroad are mainly on motor rigid drive. The system
is lacking in flexibility, and the actuator structure of
rehabilitation robot is overly complex and large with
low portability. At the same time, the security and
comfort also need further improvement.

(3) The feedback mechanism of rehabilitative effect
should be consummated. It could not give an
accurate feedback to the limbs’ position and force
during rehabilitation training, which causes low
training efficiency and directly effects the evaluation
of rehabilitation training.

(4) For a flexible robot, we need to develop a more
advanced high polymer as flexible material. More-
over, the driving force still needs to be improved.

(5) Patients’ motivation involved in the training plays
a very important role in stroke rehabilitation.
However, most training paradigms are rigid and
boring. Task-oriented training paradigm with inter-
esting games such as whack-a-mole can make the
training more enjoyable.

(6) The lower-limb rehabilitation robot still faces
numerous technological challenges, including the
biomechanics, neurophysiology, human-computer
interaction (HCI), and ergonomics.

The current lower-limb rehabilitation robots, to some
extent, can provide a simple training program for patients
and has a certain effect on rehabilitation. In our opinion,
future researches on lower-limb rehabilitation robot should
focus on the following aspects:

(1) System design of lower-limb rehabilitation robot:
the mechanical structural design is the foundation
of robotic system, which needs to achieve some
major objectives, such as compact, multi-DOF,
great flexibility, various kinds of training methods
and motions, better comfort, and high matching
between human and computer.

(2) The control strategies and motion pattern design
of lower-limb rehabilitation robot: due to the indi-
vidual difference of the patients, the robot should
perceive state information of patient’s force and
position, to adopt corresponding training mode
and control strategy. Future researches, such as
adaptability and stability of control system, the
applications of sensor technique, and the design
of control algorithm, are required. Therefore, the
robot should not only meet the demand of low
weight, fast response, and large output torque but
also have some characteristics similar to animal
skeleton muscles, such as pliability and reliability.
Therefore, it is important to research the optimizing
design method for energy saving based on active
and passive mode, the energy technology of high
energy density, and wireless transmission technology.

(3) The design of gait detection system: the lower-limb
rehabilitation robot should be able to detect and

Table 4: Detectionmethod of human robot interaction information.

HRI Detection signal Detection method

pHRI
Kinematics information
Force/torque information

Angle sensor,
acceleration sensor
Pressure sensor,
torque sensor

cHRI
Muscle motility information
Brain motility information

EMG, sEMG [98]
EEG [99]
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perceive the information of interaction forces and
motion position between the patient and rehabili-
tation robot. On the one hand, the robot should
provide appropriate assistance, when the patient
could not complete motion by himself. On the
other hand, the robot should decrease the assist
force or increase the resistance properly, when
the motor ability of paralyzed lower extremity
improves remarkably.

(4) Security protection mechanism: the robot must
be designed to meet the safety requirements of
clinical rehabilitation training, while preventing
damage. In order to ensure security of rehabili-
tation training, two important issues should be
considered when designing the lower-limb reha-
bilitation robots: mechanism design (hardware) and
control system (software).

(5) Rehabilitation effect assessment system: by com-
bining the detection of EMG signals and EEG
signals. We should explore the inherent relation-
ship between the rehabilitation effectiveness and
the train parameters and develop new assessment
strategies to verify the effectiveness of the lower-
limb rehabilitation robot.

(6) The VR technology has been proved to be an
effective tool in neurorehabilitation. On the one
hand, the interesting and varied virtual scene in
VR improves more motivation of patients com-
paring with the training course in traditional
training. On the other hand, the immersive VR
environment can effectively stimulate human brain
mirror neurons in the motor cortex and promote
the recovery of the nerve. However, VR cannot
provide physical feedback to the paralyzed limb;
the robot can compensate for this defect. There-
fore, the combination of rehabilitation robot and
VR technology is the future development direction.
However, before the application, the following core
issues must be addressed:

(i) The exact factors in the design of VR, which
stimulate patients’ motor cortex mirror neurons,
should be explored in the future.

(ii) The vertigo problem of VR, which limits the
application of VR system, must be solved.
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This study examined whether altered joint angular motion during haptic exploration could account for a decline in haptic
sensitivity in individuals with PD by analyzing joint position data during haptic exploration of a curved contour. Each
participant’s hand was passively moved by a robotic arm along the edges of a virtual box (5 cm× 15 cm) with a curved left wall.
After each trial, participants indicated whether the contour was curved or straight. Visual, auditory, and tactile cues were
occluded, and an electrogoniometer recorded shoulder and elbow joint angles during each trial. The PD group in the OFF state
had a higher mean detection threshold (4.67m−1) than the control group (3.06m−1). Individuals with PD in the OFF state also
had a significantly greater magnitude of shoulder abduction than those in the ON state (p = 0 003) and a smaller magnitude of
elbow flexion than those in the ON state or compared to the control group (both p < 0 001). These findings suggest that
individuals with PD employ joint configurations that may contribute to haptic insensitivity. Dopamine replacement therapy
improved joint configurations during haptic exploration in patients with PD, suggesting a role for dopaminergic dysfunction in
PD-related haptic insensitivity.

1. Introduction

Parkinson’s disease (PD) has traditionally been characterized
as a movement disorder; however, PD is also associated with
perceptual deficits, such as decreased sensitivity of olfaction,
touch, proprioception, and haptic sensation [1–5]. These
deficits may be present in the early stages of the disease, such
that olfactory and somatosensory dysfunction have been
proposed as early markers of PD [2, 6, 7].

Haptic perception, also referred to as active touch [8], is
the ability to perceive the features of an object (e.g., shape,
size, and texture) through active touch. This perception
modality is the result of sensory and motor integration
combining tactile, proprioceptive, and motor signals. Haptic
perception is decreased in patients with mild-to-moderate
PD compared to that in healthy individuals [3]. Konczak
et al. [3] found that 82% of participants with PD exhibited

impaired perception of a virtual contour created by the
boundary forces of a robot manipulandum; in this study,
the median haptic threshold for the PD group was 343% that
of the healthy control group. A follow-up study showed that
dopamine replacement therapy (DRT) partially restored
haptic sensitivity in patients with PD [9], suggesting that
levodopa improves motor as well as perceptual function in
these patients.

Haptic exploration and kinesthesia rely on the appropri-
ate processing of proprioceptive information. Given that
patients with PD have prominent deficits in detecting and
integrating joint position andmovement [3, 10, 11], the ques-
tion arises whether deficits in haptic sensitivity result from
deficits in the processing of joint position information or
from an inability to properly integrate tactile and propriocep-
tive signals (i.e., a sensory integration deficit). Since PD is
typically characterized by motor deficits including the
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reduction of movement speed and amplitude [12], assess-
ments that use motor performance to measure propriocep-
tive acuity are not appropriate for evaluating this research
question [13]. Instead, we analyzed joint position during
haptic exploration of a curved contour before and after med-
ication in order to determine whether restricted or altered
joint motion during haptic exploration could account for
decreased haptic sensitivity in PD. We predicted that if
impaired haptic acuity was related to a motor deficit, there
would be characteristic changes in joint motion between
the ON and OFF medication states; in contrast, a lack of
altered joint motion behavior would suggest that impaired
haptic perception was related to a sensory integration deficit.

2. Method

2.1. Subjects. Six male patients with mild-to-moderate idio-
pathic PD (mean age, 66.3± 2.8 years; age range, 65–72
years; 4 right-handed patients with initial right-side disease
and 2 left-handed with initial left-side disease onset) and 6
age-matched male healthy control subjects who were free
of neurological disease and upper limb pathology (mean
age, 61.0± 10.4 years; age range, 46–72 years; all right-
handed) completed the study. Handedness was evaluated
using the Edinburgh Handedness Inventory [14]. All partic-
ipants provided written informed consent prior to study
participation. The study was approved by the Institutional
Review Board of the University of Minnesota.

Individuals with PD were recruited from the movement
disorder outpatient clinic at the University of Minnesota.
All 6 patients were diagnosed with late-onset (>40 years of
age) idiopathic PD. Prior to testing, all patients underwent
a clinical examination in which disease severity was rated
using the Unified Parkinson’s Disease Rating Scale (UPDRS)
[15]. All patients were evaluated once in the OFF medication
state (after a minimum 12-hour washout period) and once in
the ON medication state (at least 1.5 hours after taking their
routine antiparkinsonian medication[s] and obtaining a self-
reported optimal response), with both evaluations performed
by the same neurologist. Daily doses of medication were
standardized using an established formula [16] as follows:
100mg standard levodopa=125mg sustained-release levodo-
pa=1.5mg pramipexole =6mg ropinirole =10mg bromo-
criptine =1mg pergolide (levodopa equivalent values are
shown in Table 1). The inclusion criteria for both patients

with PD and healthy control subjects included a Mini-
Mental Status Examination (MMSE) score≥ 24 [17] and no
previous diagnoses of peripheral nerve disease or another
neurological condition. Demographics and clinical data are
provided in Table 1.

2.2. Apparatus and Procedure. The apparatus and procedure
have been described previously [9]. Briefly, participants
moved the handle of a 2-joint robotic manipulandum around
a predetermined shape bound by a virtual force field (Inter-
active Motion Technologies, InMotion2). The participant
sat facing the robot and holding the handle positioned at
the midline of the trunk, just below the shoulder joint. Vision
was occluded via opaque glasses, and a synthetic gauze glove
was worn to reduce friction between the skin of the hand and
the handle to minimize tactile cues (Figure 1(a)). All partici-
pants were instructed to gently hold the handle without
squeezing it or forcing it in any direction and to allow it to
move their hand around the space. Patients with PD used
the hand determined to be more affected by PD in the exam-
ination by a neurologist, and this hand was matched by
healthy control subjects. The participant’s hand was passively
moved by the manipulandum around the edges of a virtual
box (5 cm× 15 cm) with a curved left wall; the curvature of
the left side of the box was either convex or straight with cur-
vature values ranging from 0 to 7m−1. A curvature of 7m−1

translated to a 2.1 cm perpendicular deviation from the
straight path (Figure 1(b)). Contours were presented at inter-
vals of 0.5m−1, resulting in 15 different curvature values.
Using a forced-choice paradigm, participants were required
to indicate whether the trajectory was curved or straight at
the end of each trial. Data from the perceptual task have
previously been reported [9].

Two electrogoniometers (Biometrics Ltd., Cwmfelinfach,
UK) were used to measure arm joint angles during the experi-
mental task. A twin axis goniometer was attached across the
lateral aspect of the shoulder joint to measure shoulder
movement in the sagittal plane (shoulder flexion-extension)
and frontal plane (shoulder abduction-adduction). A single-
axis goniometerwasattachedacross theelbowjoint tomeasure
elbowflexion-extension.The goniometerswere connected to a
Biopac MP 36 system (Biopac Inc., Goleta, CA, USA), which
sampled goniometer data at a frequency of 120Hz.

The virtual curvature value, perceptual judgment of the
participant, and goniometer data were recorded for each trial.

Table 1: Clinical characteristics and basic demographics of patients with Parkinson’s disease.

N Age Gender Handedness∗
Disease duration

(years)

UPDRS
Levodopa equivalent

dose
MedicationTotal score Motor score

OFF ON OFF ON

1 72 M R 6 32 29 23 20 267 P

2 66 M R 6 40 25 27 12 500 L

3 65 M R 11 61 44 41 24 400 L

4 65 M L 2 41 27 29 15 1000 L

5 65 M L 9 29 23 18 12 350 L, P

6 65 M R 5 46 35 32 21 425 L, P
∗Handedness was based on the Edinburgh Handedness Inventory (range from 20 [R, right handed] to −20 [L, left handed]) [14]. L: levodopa; M: male;
P: pramipexole; UPDRS: Unified Parkinson’s Disease Rating Scale (range from 0 to 192, with higher scores indicating higher disease severity [15]).
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Each curvature value was tested 4 times. Healthy participants
completed 1 session that included 4 blocks of 15 trials each
for a total of 60 trials. Patients with PD completed 2 consec-
utive sessions for a total of 120 trials; the first session was
completed in the OFF state in the morning, and the second
session was subsequently completed in the ON state at least
1.5 hours after taking antiparkinsonian medication and
achieving an optimal response.

2.3. Data Analysis. The joint angles measured were shoulder
flexion (ShoFlex) and elbow flexion (ElbFlex) in the sagittal
plane and shoulder abduction (ShoAbd) in the frontal plane.
Shoulder angles (ShoFlex, ShoAbd) were calculated as the
angle between the vector joining the ipsilateral acromion to
the lateral epicondyle and the vector from the acromion pro-
cess towards the hip in the sagittal plane. Shoulder flexion
(ShoFlex) and shoulder abduction (ShoAbd) angles were cal-
culated from the same vectors in 2 different projected planes;
vectors were projected onto the sagittal plane to calculate the
angle of ShoFlex and onto the frontal plane to calculate the
angle of ShoAbd. The elbow angle (ElbFlex) was calculated
as the angle between the vector from the ipsilateral acromion
to the lateral epicondyle and a vector defined by the lateral
epicondyle and styloid process of the ulna. Goniometer data
were filtered offline with a 4th order low-pass Butterworth fil-
ter with a cutoff frequency of 1Hz. Subsequently, time series
data for each trial were cropped and the portion containing
curvature exploration was analyzed. A descriptive analysis
was performed on all 3 joint angle variables for each partici-
pant. Pearson’s correlation analyses were used to examine the
relationship between joint position and curvature values in
all groups and conditions. A multivariate analysis of variance
(MANOVA) was used to examine differences in joint angles
between groups. Steiger’s Z-test and Fisher’s Z transforma-
tion were used to examine differences in correlation coef-
ficients within groups and between groups, respectively
[18, 19]. The significance level was set to p < 0 05.

As presented previously [9], a psychometric sensitivity
function was calculated for each individual and group based
on participant responses. The detection threshold was
defined as the curvature value at the 75% correct response
level. The differences in thresholds between the PD and

control groups were analyzed using a one-way analysis of
variance. Pearson’s correlation analyses were used to exam-
ine the effects of medication dose and disease duration on
haptic sensitivity. Detailed descriptions of the analysis and
results for haptic sensitivity have been previously published
[9]. Findings from this component of the analysis are
presented only for comparison to the new data.

3. Results

3.1. Typical Joint Configuration during Haptic Exploration.
Individuals in both groups used shoulder flexion and elbow
extension to explore curvatures. Participants exhibited vari-
able temporal interjoint coordination patterns for shoulder
movement in the frontal plane. Some participants started
with shoulder abduction, moved towards adduction, and
stopped in an abducted shoulder position. Others showed
an opposite pattern beginning with shoulder adduction,
moving towards abduction, and stopping in an adducted
shoulder position. Due to the heterogeneity of the data, no
clear pattern could be established. Figure 2 shows a represen-
tative joint angle configuration derived from 3 subjects in
each group/condition.

3.2. Comparison of Joint Angles. Mean joint angles were cal-
culated within each group for each curvature. There were
no significant differences in the 15 curvature values for each
joint (p = 0 085) within each group. Accordingly, data were
collapsed across curvatures for each of the 3 joints (ElbFlex,
ShoAbd, and ShoFlex) in each group. Table 2 presents the
range and magnitudes of the 3 joint angles across 15 curva-
tures (60 trials in total for each participant) for each group.
The elbow joint had the greatest magnitude in all 3 groups.
There was a statistically significant between-group difference
in joint angle (F6,532 = 7 12, p < 0 001). A post hoc analysis
revealed that patients with PD had significantly greater mag-
nitudes of ShoAbd in the OFF state compared to the ON state
(p = 0 003) and smaller magnitudes of ElbFlex in the OFF
state compared to the ON state (p < 0 001). Magnitudes of
ShoFlex were significantly greater in patients with PD in the
ON state compared to those in the control subjects (p = 0 02).

2.1 cm

Straight

Curved

5 cm

15 cm

Start point

(a) (b)

Figure 1: Experimental setup. A robotic manipulandum was used to create a virtual space that was passively explored by the participants. (a)
Subjects wore goggles and gloves to occlude visual and tactile cues. (b) The participant’s hand was moved along a virtual box (15 cm× 5 cm)
that had a left side that was either curved or straight. The maximum curvature experienced by the participant translated to a 2.1 cm deviation
from a straight line.
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3.3. Group Detection Thresholds (Previously Reported). The
mean threshold was 3.06m−1 in the control group, 4.67m−1

in patients with PD in the OFF state, and 4.04m−1 in patients
with PD in the ON state. There was no significant correlation
between medication dose and detection threshold (PD-ON:
r = − 0 40; PD-OFF: r = 0 32) and between disease duration
and detection threshold (PD-ON: r = 0 33; PD-OFF:
r = 0 11). A detailed description of the data analysis and
results has been published previously [9].

3.4. Relationship between Joint Configuration and Haptic
Sensation. In order to examine the relationship between joint
angles and deviation from the straight line (curvature), we
transformed curvature values into perpendicular deviations
from the straight line in a time series and calculated Pearson’s
correlation coefficients; rShoAbd, rShoFlex, and rElbFlex
represent the correlation coefficients for deviation from the
straight line and the magnitude of each joint angle, respec-
tively. The mean correlation coefficients for each group are
presented in Table 3. Correlation coefficients were all nega-
tive values except for ShoFlex, indicating that participants
generally increased shoulder flexion, shoulder adduction,
and elbow extension to explore the curvature. Joint angles

and curvature values for the haptic exploration task were
modestly correlated (r = –0 33 to 0 28). For all 3 groups,
rElbFlex had the highest correlation coefficients and
rShoAbd had the lowest correlation coefficients among the
3 joint angles. Results from Fisher’s Z-test and Steiger’s Z-test
did not reveal statistically significant differences in correla-
tion coefficients between groups; however, results from Stei-
ger’s Z-test indicated that rShoAbd, rShoFlex, and rElbFlex
were all statistically different from one to the other within
each group (all p < 0 05).

4. Discussion

The main purpose of this study was to examine whether
restricted or altered joint motion could account for impaired
haptic sensitivity during contour exploration in patients with
PD. We found that the PD group in the ON state generally
used the same joint configurations and had similar levels of
haptic sensitivity compared to the healthy control group;
however, individuals with PD in the OFF state exhibited dif-
ferences in shoulder flexion compared to the those of the
healthy control group and differences in shoulder flexion
and elbow flexion compared to those in the ON state. The
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Figure 2: Representative shoulder abduction (a), shoulder flexion (b), and elbow flexion (c) angles derived from 3 patients in the PD group in
the ON and OFF states and 3 control participants.
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correlation coefficient for curvature and shoulder flexion was
increased, and haptic sensitivity was improved in patients
with PD after the administration of antiparkinsonian medi-
cation. Therefore, we suggest that altered joint positioning
at least partially accounts for decreased haptic sensitivity in
patients with PD.

Previous studies have reported that the central nervous
system (CNS) is more accurate in processing end-point con-
trol variables than joint excursion variables for kinesthetic-
related movements [20, 21]. Mechanoreceptors relay infor-
mation related to kinesthesia to the CNS; therefore, appropri-
ate joint configurations should facilitate accurate haptic
perception during motor tasks. Yet, it is unclear whether
joints differentially contribute to haptic sensation in move-
ments involving multiple joints. Scott and Loeb and Tripp
et al. suggested that proximal joint positions primarily con-
tribute to end-point position judgments based on computa-
tional models [22, 23]. McCloskey et al. reported that
proximal joints had greater kinesthetic sensitivity than distal
joints; furthermore, proximal joints were more sensitive to
joint position and distal joints were better for determining
end-point positions [24]. In our study, participants generally
used shoulder flexion and elbow extension during the haptic
exploration task. Healthy control subjects showed the smal-
lest shoulder range of motion (ROM) in the sagittal plane
and the largest elbow ROM. Our data are therefore consistent
with the hypothesis that joints function differentially for the
generation of perceptual judgments depending on the
requirements of the specific motor task.

Galloway and Koshland argued that most multijoint
movements of the upper extremities have a shoulder-
centered pattern. That is, the shoulder ROM is typically dou-
ble that of the elbow. If the shoulder ROM is less than half of
the elbow ROM and the hand path is straight, the shoulder-
centered pattern switches to an elbow-centered pattern
[25]. Our findings revealed an average shoulder ROM of less
than half the elbow ROM in the control and PD-ON groups;

however, the hand path was curved during haptic explora-
tion. We therefore suggest that the task in this study pro-
duced a shoulder-centered movement pattern; that is,
shoulder acceleration was mainly due to shoulder muscle
torque, whereas elbow and wrist acceleration were deter-
mined by a combination of muscle torque and significant
interaction torque for haptic exploration. Accordingly, the
shoulder joint was likely a major contributor to haptic sensa-
tion in healthy control subjects and in the PD-ON group.

Previous research has indicated that the CNS uses kines-
thetic information from the biarticular muscles during multi-
joint movements; however, the biarticular muscles generally
provide more ambiguous information about limb position
and movement than that of the monoarticular muscles [26].
Therefore, the CNS may rely on inputs from the monoarticu-
lar muscles as well as cutaneous receptors and joint receptors
to resolve ambiguities in kinesthetic information from the
biarticular muscles. At the same time, the CNS derives
more information from the extent of muscle stretch during
overall movement than from any single joint [26]. Taken
together, it can be argued that the CNS uses internal rep-
resentations to integrate sensory inputs for the formation
of haptic perception [27].

The current findings are consistent with previous
research indicating impaired multijoint coordination and
the decomposition of movement in patients with PD [28].
Instead of integrating kinesthetic inputs from the shoulder
and elbow joints, patients with PD tend to rely on sensory
inputs from a single joint and lack the ability to weight sen-
sory information from different joints to judge limb position
and movement [26]. We also found that patients with PD in
the OFF state mainly relied on sensory inputs from a single
joint during haptic exploration, as there was a larger correla-
tion coefficient for the relationship between elbow flexion
and curvature than between shoulder flexion and curvature.
In contrast, the healthy control group utilized information
from both the shoulder and elbow joints. Therefore, abnor-
mal joint configurations might underlie to impaired haptic
sensitivity in PD.

A neuroimaging study of sensory-evoked brain activation
after application of a vibratory stimulus to the right index fin-
ger found that patients with PD had insufficient activation in
several brain regions contralateral to the side of vibratory
stimulus presentation and compensatory hyperactivation
on the side ipsilateral to stimulus presentation compared to
healthy control subjects [29]. The haptic exploration of

Table 3: Correlation coefficients between curvature values and joint
angles in each group.

Correlation coefficient (r)
Control PD-ON PD-OFF

rShoAbd 0.04± 0.21 −0.12± 0.32 −0.13± 0.29
rShoFlex 0.28± 0.16 0.27± 0.17 0.17± 0.23
rElbFlex −0.30± 0.10 −0.29± 0.09 −0.33± 0.11
Note: there were significant differences (p < 0 05) between each correlation
coefficient within each group. ElbFlex: elbow flexion; PD-OFF: Parkinson’s
disease in the OFF state; PD-ON: Parkinson’s disease in the ON state;
ShoAbd: shoulder abduction; ShoFlex: shoulder flexion.

Table 2: Range and magnitude of joint angles in each group.

Group Control PD-ON PD-OFF p

ShoAbd

Min −12.64° −37.57° −37.70°

Max 77.52° 50.68° 71.57°

ROM 5.34± 4.12°AB 4.40± 2.62°A 6.60± 5.65°B 0.005∗

ShoFlex

Min 16.85° 19.67° −1.76°

Max 49.70° 76.41° 67.44°

ROM 3.81± 1.34°A 4.36± 1.15°B 4.02± 2.10°AB 0.08

ElbFlex

Min 39.83° 27.39° 6.85°

Max 89.61° 88.36° 89.5°

ROM 16.20± 2.65°A 15.26± 3.16°A 12.43± 5.88°B <0.001∗
∗p < 0 05
Note: the same letter indicates nonsignificant effect. A different letter indicates
a significant difference. ElbFlex: elbow flexion; PD-OFF: Parkinson’s disease in
the OFF state; PD-ON: Parkinson’s disease in the ON state; ROM: range of
motion; ShoAbd: shoulder abduction; ShoFlex: shoulder flexion.
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curvature is based on somatosensory information about the
motions and forces experienced during movement. This
information is primarily derived from proprioceptive recep-
tors, cutaneous receptors, and mechanoreceptors. A previous
study concluded that the perception of actual hand path is
mainly derived from proprioceptive feedback rather than
force feedback [30], suggesting that haptic perception is gen-
erated from the integration of proprioceptive information
across several joints and the integration of proprioceptive
and tactile information from the fingers and palm. To this
end, several studies have provided strong evidence that dys-
function of the cerebro-basal-ganglia loop affects the ability
to detect arm position and movement [5, 31–34]. In support
of this idea, evidence from animal studies has demonstrated
that the depletion of striatal dopamine leads to the inability
to use sensory information for motor performance [35].
Other animal studies have shown that basal ganglia neurons,
mainly located in the internal globus pallidus, have receptive
fields for proprioceptive signals for the processing of both
passive and active joint motions [36–38]. In a single-cell
recording study of patients with PD undergoing neurosur-
gery, it was reported that 1/3 of neurons in the nucleus
subthalamicus responded to both passive and active move-
ments [39]. Therefore, we speculate that basal ganglia
dysfunction was primarily responsible for higher haptic
thresholds observed in patients with PD in the OFF state
[40]. Moreover, it is possible that DRT produced compensa-
tory changes in PD-related basal ganglia deficits to improve
joint and directional specificity. We thus postulate that DRT
enhanced neurotransmission in the thalamo-cortico-basal
ganglia loop [41] to elicit changes in joint configuration dur-
ing haptic exploration, resulting in similar patterns of joint
angles and lowered haptic thresholds in the PD-ON group.

Previous studies have reported that DRT may actually
cause the deterioration of proprioceptive function in PD
[11, 42] by producing deficits in proprioceptive processing.
Detection thresholds were not statistically different between
the PD-ON and PD-OFF states in the current study; there-
fore, our results suggest that DRT did not have a detrimental
effect on proprioception. Inconsistencies between our study
and previous studies may have been related to different
demographic characteristics of the included PD cohorts.
For example, O’Suilleabhain et al. [11] recruited individuals
with PD who were approximately 40 years of age, which
suggests that patients had early-onset PD and/or an atypical
presentation of PD. In contrast, our study examined patients
ages of 50–65 years with late-onset PD. Furthermore, differ-
ent studies have used different experimental protocols for
testing in the ON and OFF medication states. O’Suilleabhain
et al. [11] retested patients 1 hour after medication, Mongeon
et al. [42] retested patients 1-2 hours after medication, and
we retested patients 1.5 hours after medication with the addi-
tional requirement of a self-reported optimal response.
Although all studies administered the UPDRS after medica-
tion to ensure efficacy, different time intervals between
administration and testing may underlie inconsistent find-
ings between studies. Finally, previous studies used experi-
mental tasks that required participants to memorize a target
or joint position for perceptual judgments, which made it

difficult to determine whether observed impairments were
related to perception or memory. In the current study, we
used a passive motion task to exclude the potential influ-
ence of motor and memory impairments on perceptual
judgments. Thus, the current findings provide an impor-
tant and unique insight into haptic insensitivity in patients
with PD.

5. Limitations

The present study had several limitations. First, the power
of our statistical analyses was limited by a small sample
size. Second, all participants were male, which may limit
the generalizability of our findings. Although there is no
clear evidence that sex has an effect on haptic sensitivity
or joint configuration, potential sex differences should be
examined in future studies. Finally, the experimental proto-
col did not include any functional tasks to directly correlate
activity performance with haptic sensitivity. This further
limits the generalizability of the current findings to only the
tested task. Future research should incorporate functional
tasks to examine the contribution of haptic sensitivity to
daily activities.

6. Conclusions

The findings of the current study suggest that patients with
PD employ abnormal joint configurations that contribute to
haptic insensitivity. DRT may enhance the neurotransmis-
sion in the thalamo-cortico-basal ganglia loop to improve
motor ability in patients with PD, resulting in the use of cor-
rect joint configurations during haptic exploration and thus
increased haptic sensitivity.
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Objective. Previous studies have demonstrated that target direction information presented by the dorsal premotor cortex (PMd)
during movement planning could be incorporated into neural decoder for achieving better decoding performance. It is still
unknown whether the neural decoder combined with only target direction could work in more complex tasks where obstacles
impeded direct reaching paths. Methods. In this study, spike activities were collected from the PMd of two monkeys when
performing a delayed obstacle-avoidance task. We examined how target direction and intended movement selection were
encoded in neuron population activities of the PMd during movement planning. The decoding performances of movement
trajectory were compared for three neural decoders with no prior knowledge, or only target direction, or both target direction
and intended movement selection integrated into a mixture of trajectory model (MTM). Results. We found that not only target
direction but also intended movement selection was presented in neural activities of the PMd during movement planning.
It was further confirmed by quantitative analysis. Combined with prior knowledge, the trajectory decoder achieved the best
performance among three decoders. Conclusion. Recruiting prior knowledge about target direction and intended movement
selection extracted from the PMd could enhance the decoding performance of hand trajectory in indirect reaching movement.

1. Introduction

Brain-machine interfaces (BMIs) develop a direct pathway
between the brain and external devices, which aims to help
amputees or paralysis patients regain their movement
functions [1, 2]. The decoding method is the essential part
of BMIs which maps the neural activities to movement tra-
jectories. Numerous decoding methods have been proposed
in recent decades, such as state-space model [3, 4], artificial
neural networks [5], and reinforcement learning [6, 7], which
have been applied in many BMIs successfully, such as a robot
arm [8–10] and computer cursor trajectory estimation in two
and three dimensionality [11, 12]. In most studies, the task
is point-to-point target-oriented center out or variant center

out [13–18], in which the target direction and initial move-
ment direction are correlated.

However, the environment of daily life is more complex.
For example, obstacles between food and human beings
would make fetching trajectories curved to avoid running
into it. Such cases challenge the performance of decoding
methods with the decoupled target direction and initial
movement direction. The study of the complex task could
push the limits of BMIs and accelerate the clinical translation
[19]. Actually, researchers have designed tasks to dissociate
the target direction from initial movement direction, such
as curved movements [20], environment with specific paths
[19], or obstacles [2]. However, most of the decoding
methods were applied to the point-to-point target-oriented

Hindawi
Behavioural Neurology
Volume 2017, Article ID 2182843, 11 pages
https://doi.org/10.1155/2017/2182843

https://doi.org/10.1155/2017/2182843


tasks. Work needs to be done to extend the proposed
methods to more complex tasks, which could extend the
performance limits of BMIs.

Multiple cortices are involved corporately and hierarchi-
cally to process the complex tasks. The primary motor cortex
(M1) plays the role of passing neural impulses down to
the spinal cord and controlling the execution of movement.
The dorsal premotor cortex (PMd) is responsible for higher-
level movement control, including movement preparation,
sensory and spatial guidance of reaching, or some direct con-
trol of reaching movement [21–23]. Planning could happen
before movement onset, and a delay epoch can contribute
to mature performance. In 2012, Pearce and Moran designed
an obstacle-avoidance task in which the initial movement
direction was confined to induce a curved center-out task,
and they found that population vectors (PVs) [15] of one
monkey point to the target at first and then turn to the move-
ment direction with relevant visual cues showing up during
the delay epoch [2]. In fact, target direction and initial move-
ment direction are two key instructions to finish the indirect
reaching. In 2007, Yu et al. extracted target direction during
planning as a prior information for the following trajectory
estimation [16]. In 2013, Shanechi et al. estimated the target
information from the PMd and SMA before movement initi-
ation to improve the trajectory decoding in a center-out task
[18]. Similarly, the movement direction could be estimated
and integrated to improve the trajectory decoding based on
the finds of Pearce and Moran [2].

Several methods have been proposed to decode the
indirect reaching movement task [3, 24, 25]. In 2012, Gilja
et al. proposed the recalibrated feedback intention-trained
Kalman filter (ReFIT-KF) to improve the online decoding
performance of target-oriented reaching movement task
[3]. Researchers also applied ReFIT-KF on the obstacle-
avoidance task with promising performance. However, the
design of ReFIT-KF did not consider the properties of indi-
rect reaching movement and the obstacle-avoidance perfor-
mance benefitted from the visual feedback and modulation
of neural activities. So the algorithm would not work well
in an offline case. Similarly in 2017, Shanechi et al. enhanced
the online reaching movement control by rapid control and
feedback rates [24]. They applied this method to the
obstacle-avoidance task. However, the same issue exists as
ReFIT-KF. In our previous studies, the correntropy-based
attention-gated reinforcement learning (CAGREL) was pro-
posed to decode the obstacle-avoidance task by setting a
secondary target to avoid the obstacle manually [25]. For
obstacle-avoidance task, more kinematics parameters are
involved, so an algorithm framework that integrates different
information is needed [26]. In 2007, Yu et al. built the mix-
ture of trajectory models (MTM) based on recursive Bayesian
estimation (RBE) [18, 27–32] for neural decoding of goal-
directed movements [16]. They combined several trajectory
models, each of which was more accurate within the limited
regime of movement (trajectory to one specific target), with
probabilistic weights predicted by planning activities. The
probability of target direction was estimated from the PMd
during the planning period. However, for a more complex
task such as obstacle-avoidance task, it is still unknown

whether the neural decoder combined with only target direc-
tion information could work.

In this study, we examined how target direction and
intended movement selection were encoded in neuron pop-
ulation activities and tried to improve the indirect decoding
by integrating more prior knowledge. Two monkeys were
trained to perform delayed obstacle-avoidance task. One
Utah array was implanted in the PMd area for each monkey.
Population vector (PV) and principal component analysis
(PCA) were utilized to analyze neuron encoding properties
during planning epoch. For comparison of movement trajec-
tory estimations among decoders with no prior knowledge,
only target direction and both target direction and intended
movement selection were carried out.

2. Experiments and Methods

2.1. System Setup and Training Tasks. In this study, two
male rhesus monkeys (Macaca mulatta, labeled as monkeys
B and C) were trained to perform a delayed obstacle-
avoidance task using their upper limbs (right upper limb
for monkey B and left upper limb for monkey C). In the task,
monkeys were seated in a primate chair and one monitor
was placed 50 cm away in front vertically. As shown in
Figure 1(a), the monkey was trained to manage a 2D manip-
ulator (20× 20 cm range) to move a computer cursor (small
blue ball) from the start position to the target (big yellow
ball) without touching the obstacle (green bar) to get a
water reward.

The target position could appear on the left, top, and
right with the start position on the bottom, as shown in
Figure 1(b). The average trajectories across 20 trials were
shown. And trajectories to the same target were labeled
by the same color. The bold cyan trajectory was the case
shown in Figure 1(a). There were six trajectories with a
fixed start position. Additionally, the cases that the start
position was located at the left, top, and right were also
collected. Generally, the target position in the current trial
was the start position for the next. Sometimes, monkeys
moved the cursor away from the start positions during rest,
and those cases were discarded in our study. In total, there
would be 24 (6 trajectories × 4 start positions) conditions
where data were collected. This task partly simulated the
complex environment by adding an obstacle between the
start position and target position, which challenged the per-
formance of decoding methods.

Specifically, the task started with the appearance of the
computer cursor and target, as illustrated in Figure 1(a).
The cursor was located at the bottom and surrounded by a
red square, indicating that monkeys had to hold at this start
position. And the target was located at the top. This epoch
would last for 300ms (delay 1) for monkeys to acquire the
information of target direction. Then the obstacle appeared
and lasted for another randomized time (uniform distribu-
tion from 500ms to 800ms, delay 2), which was for monkey
planning to avoid the obstacle. The disappearance of the red
square signaled the go cue. Monkeys moved the cursor from
the bottom to top in a curved trajectory to avoid the obstacle.
Monkeys were required to hold at the target position for
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500ms to get a liquid reward. A rest time of 500ms was set
between two trials.

2.2. Surgery Procedures and Data Acquisition. Neural data
were collectedby a 96-channelmicroelectrode array (arranged
in a 10× 10 matrix, 4.2× 4.2mm, Blackrock Microsystems,
Salt Lake City, UT, USA) [33] implanted in the contralateral
PMd for both monkeys. Additionally, two head posts were
fixed on the skull with titanium screws to stabilize head and
array pedestal during neural recording [34]. The surgery was
performed under general anesthesia induced by ketamine
(10mg/kg) and diazepam (1mg/kg). A deep anesthesia
was induced by endotracheal administration of isoflurane
(1%-2%) with veterinary anesthesia ventilator (Matrx VME2,
Midmark, Orchard Park, NY, USA) during the surgery. The
vital signs were monitored by a physiological monitor. Body
temperature was maintained by a heating pad (T/PUMP,
Gaymar, Orchard Park, NY, USA). Craniotomy was per-
formed over the premotor cortex, and the dura was incised
to place the array. The array was quickly inserted into the
cortex by a pneumatic insertion device (Micro Implantable
Systems, Salt Lake City, UT, USA). The surgical procedure
was detailed previously in [5]. After the surgery, the antibi-
otic therapy lasted for 5 days and monkeys had at least one
week to recover. All procedures were approved by the Animal
Care Committee at Zhejiang University, strictly complying
with the Guide for Care and Use of Laboratory Animals
(China Ministry of Health).

Neural activities acquired by the array were transmitted
to Cerebus data acquisition system (Blackrock Microsystems,

Salt Lake City, UT, USA). Analog waveforms were amplified,
band-pass filtered (Butterworth, from 0.3Hz to 7.5 kHz), dig-
itized (16-bit resolution and 30 kHz sampling rate), and high
pass filtered (Butterworth, 250Hz). The spikes were detected
using a thresholding method (at a level of −4.5 times root
mean square of baseline) and sorted by commercial software
(Offline Sorter, Plexon Inc., Dallas, TX, USA). Trajectories
of manipulator and epochs of the task were recorded simul-
taneously with neural signals, as shown in Figure 1(c). Ten
data sessions (from ten different days) have been collected
(five for monkey B and five for monkey C). The spikes were
binned in 100ms time scale to predict the prior knowledge
and the following trajectory.

2.3. Mixture of Trajectory Model. To decode the continuous
hand trajectory accurately, we employed a mixture of trajec-
tory models (MTM), which is based on recursive Bayesian
methods, developed by Yu et al. [16]. Recursive Bayesian
methods need a statistic model of hand trajectories for train-
ing, while the MTM probabilistically subdivides the whole
trajectories into a limited regime of movement, which could
maximally optimize the decoding model in the specific
regime. The idea was fitting well with our experiment, in
which there were three possible targets for each start point
and two possible intended movement selection for each
target. This would result in 3 subregimes for targets and 2
subregimes for intended movement selection. According to
the MTM framework, the decoding accuracy would be
boosted if the information about the regimes were known
or partly known. We utilized Bayes’ method to obtain the

Rest Delay 1 Delay 2 Move onset Hold & reward

500 ms 500–800

900

300 500

0 ms 500 1300

Start position

Target position
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Figure 1: Delayed obstacle-avoidance task and data acquisition. (a) Task epochs (top) and timeline (bottom). The red square (length of side:
130 pixels) in task epochs indicates delay cue, during which monkeys had to hold at the start position. The green bar represents an obstacle,
touching of which would result in trial failure. The small blue ball and big yellow ball represent the moving cursor and target, respectively.
The red and blue bars above the timeline show the intervals used for target direction and intended movement selection decoding,
respectively. (b) Averaged reaching trajectories from the start position (small blue ball) to target position (big yellow ball) in one
representative session (B140530). Depending on the position of the obstacle (not shown), there were two trajectories to the same target
represented by solid and dashed lines in the same color. One trial would be started from any one of the four positions (top, down, left,
and right), and the target ball would be on one of the rest three positions randomly. (c) Simultaneously recorded hand positions
(X position, red; Y position, green) and spike trains in one representative trial.
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possible targets and intended movement selection during the
planning epoch, which will be introduced in the next section.
In this section, we will describe the MTM with recursive
Bayesian estimation framework included.

The particular probabilistic model in our study referred
to that in Kalman filter [4], where kinematics accord with
random walk model and observation model is Gaussian
[31], which are formulated as follows:

xt xt−1,m N Amxt−1 + bm,Qm ,
yt xt ,m N Hmxt + pm,Vm , 1

where m ∈ 1,…,M is the label of movement regimes.
Taking target direction and initial movement selection into
account, there are six movement regimes. Considering target
direction only, the number is three. xt ∈ R2×1 represents hand
position at time step t ∈ 1,…, T . yt ∈ Rn×1 represents the
neural activities at time step t, where n represents the number
of single units. The state transition matrix Am ∈ R2×2, obser-
vation transition matrix Hm ∈ Rn×2, variance matrix
Qm ∈ R2×2 and Vm ∈ Rn×n, and bias bm ∈ R2×1 and pm ∈ Rn×1

were all fit to training data and remained consistent during
the test.

The dependency relationships between movement
regimes, kinematics, and neural activities are shown by the
graphic model in Figure 2. Both of the kinematics and neural
activities depend on the movement regimes. Neural activities
depend on the kinematics by the observation model and
kinematics conform to the random walk model.

Based on the graphic model and Bayes’ method, the
kinematic estimation at time step t is equal to the pos-
terior distribution of hand position xt conditioned on
neural activities from the initial time step to current
time step t, which is defined as P xt y t

1 . To expand
the posterior term conditioned on movement regime m,
we get

P xt y t
1 = 〠

M

m=1
P xt y t

1,m P m y t
1 , 2

where P m y t
1 means the probability of movement regime

m given the neural activities from the beginning to current

time step. Furthermore, Bayes’ rule was utilized on that term
to obtain the following equation:

P xt y t
1 = 〠

M

m=1
P xt y t

1,m
P y t

1 m P m

P y t
1

, 3

where term P m is the probability of movement regimem. If
the prior knowledge is not available, a uniform distribution is
substituted. In order to calculate the posterior distribution
recursively, one-step estimation is calculated as

P xt y t−1
1 ,m = P xt xt−1,m P xt−1∣ y t−1

1 ,m dxt−1 4

Then the posterior distribution conditioned on m can be
obtained by Bayes’ rule:

P xt∣ y t
1,m = P yt∣xt ,m P xt ∣ y t−1

1 ,m
P yt y t−1

1 ,m
, 5

where the term P yt xt , y t−1
1 ,m has been replaced by

P yt xt ,m . Because given the current hand position and
movement regime, the current neural activities are indepen-
dent of neural activities from the beginning to last time step,
as illustrated by the graphic model in Figure 2. We can calcu-
late posterior distribution recursively by substituting (4) into
(5) and feeding (5) back to (4) in the next time step. In prac-
tice, P xt y t

1,m was calculated by Gaussian approxima-
tion with parameters matched to the location and curvature
of two terms [35]. The expectation and covariance matrix
were calculated based on P xt y t

1 to derive estimation
and credible intervals.

2.4. Target Direction and Intended Movement Selection
Prediction from Delay Epoch. Neural activities during plan-
ning (delay 1 and delay 2) contain key information for the
forthcoming movement. In our application, there were two
prior information, target direction and intended movement
selection, which could be extracted in delay epoch (delay 1
and delay 2, resp.). Let P m1 y1 be the estimation of target
direction m1 given the neural activity y1 in delay 1, and
P m2 y2 be the estimation of intended movement selection
m2 given the neural activity y2 in delay 2. With independence
assumption, the estimation of final movement regimes m
given the neural activity y in whole delay epoch can be
calculated as

P m y = P m1 y1 P m2 y2 6

The estimation result of P m y is substituted into the
MTM as prior knowledge. In our study, two other estima-
tions, P m and P m1 y1 , were also used to represent decod-
ing with no prior and target direction prior only, respectively.
The results were compared with P m y substitution, which
correspond to decoding with both target direction and
intended movement selection prior.

To obtain the probabilities of movement regimes, statis-
tical Bayes’ rule was utilized in our study [16]. Supposing
neural activities from all units are independent and the

m m m

xt‒1 xt xt+1

yt‒1 yt yt+1

Figure 2: Graphic model for MTM. m represents specific
movement regime. xt and yt represent hand positions and neural
activities at time t, respectively. Arrows mean dependency
relationship between parameters.
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distribution of spikes for each movement regime is Gaussian
[28, 36], the distribution of neural activity y from all units
to each movement regime m can be fitted as follows:

y m ∏
n

i=1
N yi μi,m, σ2

i,m , 7

where μi,m and σ2
i,m are the mean and variance for the ith

unit and mth movement regime and both of the parameters
are obtained during training by maximum likelihood. For
the test trials, the probability that movement regime is m
conditioned on activity y in delay can be calculated by Bayes’
rule illustrated in (4).

P m y = P y m P m
P y = P y m

〠
m′P y m′ , 8

where P m is assumed to be uniform according to task
settings. Actually, the accuracy of the estimated prior infor-
mation is correlated with the duration and location of the
time window, as well as the spike count model. Optimizing
the prior information decoder is beyond the scope of our
study. The time windows utilized to decode target direction
and intended movement selection are shown in Figure 1(a).

3. Results

In this study, two monkeys (monkeys B and C) were well
trained to perform the delayed obstacle-avoidance task.
Accuracy rates of trials exceeded 95% and 93% for monkeys
B and C, respectively. Neural signals in the PMd utilized in
this study were recorded from 10 sessions (five for each
monkey) distributed in one month, and each data session
contained 307± 43 and 321± 50 trials for monkeys B and
C. 45± 4.3 and 38± 3.8 units were isolated with Offline Sorter
for monkeys B and C, respectively. Leave-one-out cross-
validation was utilized in both target direction and move-
ment selection prediction [18], which means one trial was
regarded as a test sample and the rest trials were utilized to

train the model parameters. Take one of the leave-one-out
cases for example, the first to the last trials but one were
training samples, and the last trial was the test sample.

3.1. Target Direction Encoding Properties in Delay 1 Epoch.
We examined the target direction encoding properties during
rest and delay 1 epoch. PV, which is defined as the sum-
mation of weighted preferred direction, was carried out to
investigate the evolution of unit-encoding directions [15].
Velocity-based PV was utilized in our study [2]. Because

Monkey B Monkey C

Rest Delay 1

Delay 2

Monkey CMonkey B

(a) (b)

Figure 3: Temporal evolution of PVs across rest and delay epochs for both monkeys. (a) The specific task cases were shown on the left of each
row, in which the arrow pointed from the start position (blue dot) to target (solid yellow dot). The dashed yellow circle represented other
target candidates. The grey, blue, and red arrows represented PVs during rest, delay 1, and delay 2 epochs, respectively. The middle and
right columns represented the PVs evolution for monkeys B and C, respectively. PV evolution in one row for a specific monkey
represented the summation of PVs in 20 trials with the same task case for stability. (b) The same as (a) but with start point at the left.
Trials were from sessions B140530 and C150430 for monkeys B and C, respectively.

Table 1: Expectation of target direction prediction for monkey
B. Asterisks represent the significance level (Student’s t-test) of
0.05 (∗) and 0.01 (∗∗) that the expectations were above chance
level (0.33).

Data sessions
for monkey B

Expectation of target
direction prediction

B140527 0.43± 0.13∗
B140528 0.42± 0.12∗

B140529 0.42± 0.09∗∗
B140530 0.58± 0.12∗∗
B140531 0.56± 0.13∗∗

Table 2: Expectation of target direction prediction for monkey
C. Asterisks represent the significance level (Student’s t-test) of
0.05 (∗) and 0.01 (∗∗) that the expectations were above
chance level (0.33).

Data sessions
for monkey C

Expectation of target
direction prediction

C150423 0.52± 0.13∗

C150427 0.51± 0.11∗

C150428 0.48± 0.09∗∗
C150430 0.58± 0.12∗∗
C150501 0.74± 0.11∗∗
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all of the recorded units were analyzed regardless of their
tuning depth, preferred direction was not normalized to
unit [2]. So strong tuning had higher weights, and weak
tuning had lower weights. Target direction was estimated
from 0 to 900ms (whole rest, delay 1 plus 100ms in delay 2;
considering causal time delay, the first bin in delay 2 was
also collected for the prediction of target direction [37]),
during which the moving cursor and target ball were shown
to the monkeys.

Figure 3 demonstrates the behavior of velocity-based PVs
for two starting position conditions for each animal as they
changed over the course of rest and delay epochs. Five bins
in rest, three bins in delay 1, and one bin in delay 2 were
shown. Figure 3(a) represents PV temporal evolution with
start position on the right. During rest epoch with nothing
on the screen, the direction of PVs remained insignificant.
During delay 1 and first bin in delay 2, PVs pointed in
the direction of the target with bigger length. Figure 3(b)
demonstrate the consistent results as (a) with the starting
position on the left. Some PVs had direction preference
during the rest epoch. For example, in cases of monkey B
in Figure 3(b), PVs tended to point to the right during rest

epoch and the angles between PVs and direct right were
within 45 degrees. One possible reason is that an overtrained
monkey could predict that the target would appear on the
right (top right, bottom right, or direct right) during the
trials, where the initial position was set on the left [38].

Bayes’ rule with Gaussian hypothesis was utilized to
estimate the target direction quantitatively. Neural activities
labeled by red bars shown in Figure 1(b) were analyzed.
Tables 1 and 2 demonstrate the expectation of target direc-
tion for monkey B and monkey C, respectively. The leave-
one-out technique was utilized here to train Gaussian
parameters. The accuracy rate was calculated as the expec-
tation of selecting the right target. Student’s t-test between
the expectations and the chance level was performed.

3.2. Intended Movement Selection Encoding Properties in
Delay 2 Epoch. Delay 2 epoch began with the appearance of
the obstacle. There were two obstacle opening positions for
each pair of start point and target. During delay 2 epoch with
obstacle appearance, two intended movement selections
(clockwise and counterclockwise) exist for monkeys to avoid
the obstacle. We are interested in investigating whether there
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Figure 4: Low-dimension projections of neural activities during delay 2 for monkey B (a) and monkey C (b) in two representative sessions.
(Inset) the two movement selections were represented by solid blue circles and red triangles, respectively. The x-axis and y-axis represented
the first and second PC components, respectively. Trials were from sessions B140530 and C150430 for monkeys B and C, respectively.

Table 3: Expectation of intended movement selection prediction
for monkey B. Asterisks represent the significance level (Student’s
t-test) of 0.05 (∗) and 0.01 (∗∗) that the expectations were above
chance level (0.5).

Data sessions
for monkey B

Expectation of intended
movement selection prediction

B140527 0.64± 0.12∗
B140528 0.57± 0.13∗
B140529 0.72± 0.10∗∗
B140530 0.70± 0.11∗∗
B140531 0.63± 0.12∗

Table 4: Expectation of intended movement selection prediction
for monkey C. Asterisks represent the significance level (Student’s
t-test) of 0.05 (∗) and 0.01 (∗∗) that the expectations were above
chance level (0.5).

Data sessions
for monkey C

Expectation of intended
movement selection prediction

C150423 0.74± 0.11∗∗
C150427 0.69± 0.11∗∗
C150428 0.62± 0.10∗
C150430 0.68± 0.12∗
C150501 0.59± 0.13∗
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are differences in neural patterns between the two selections.
Intended movement selection was estimated from 900 to
1300ms (100–500ms of delay 2), after the obstacle showed
up. We use PCA to visualize neural patterns during delay 2
by dimensionality reduction, as shown in Figure 4. Each
dot (blue circles and red triangles) in Figure 4 represents
the neural pattern in 100ms bin. Figure 4(a) refers to PCA
projection results for monkey B with start point at the bot-
tom and target at the top. The opening positions of obstacles
could appear on the left or right. The two obstacle-avoidance
trajectory candidates were represented by dashed curves and
labeled by solid circles and triangles. The neural activities
projected to the top two PCA components were clustered
into two groups with some overlaps, corresponding to trajec-
tory candidates. Although there were some overlaps, the two
clusters were distinguishable, which implies that monkeys
were involved in the intended movement selection during
delay 2 epoch. Figure 4(b) shows the results of monkey C,
which was consistent with (a).

WefurtherutilizedBayes’ rulewithGaussianhypothesis to
estimate the intended movement selection. Neural activities
during movement planning labeled by blue bars shown in
Figure 1(b) were analyzed. Tables 3 and 4 demonstrate the
expectation of intended movement selection for monkey B

andmonkey C, respectively. The leave-one-out technique was
utilized here as well. Student’s t-test between the expectations
and the chance level was performed. Expectations of both
monkeys were above the chance level significantly.

3.3. Decoding Results with Prior Knowledge. The prediction
results of target direction and intended movement selection
imply that the neural activities during delay epoch contained
information of the task. We tried to integrate the predicted
information during delay epoch to MTM framework to
improve the trajectory estimation during movement. In this
study, to evaluate the effects of prior knowledge on decoding
performance in obstacle-avoidance task, decoders with three
different prior knowledge were compared: (1) no prior
knowledge (the prior term in RBE obeys uniform distribu-
tion); (2) integrating estimated target direction into RBE;
and (3) integrating sequentially estimated target direction
and intended movement selection into RBE.

Figure 5(a) shows decoding results in horizontal and ver-
tical positions, respectively, while Figure 5(b) demonstrates
the estimated trajectories in two-dimensional space. Decoder
with no prior knowledge performed worst with the largest
95% credible interval, as illustrated in Figure 5(a). The esti-
mated trajectory followed the real trajectory relatively well
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Figure 5: Decoding results with three decoders in one representative trial. (a) Normalized horizontal and vertical trajectories in one trial. The
x-axis represents the samples (each sample has time windows of 100ms) and normalized kinematics. The red line represents the real
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trajectories. The inset at the top represents the representative trajectory in the workspace. The small blue and big yellow ball represent the
start position and target position, respectively. The dashed yellow circles represent the target candidates. The green bar represents the
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for the first half, which may even be steered by the obstacle.
However, it lost direction in the second half and failed to
reach the target. The estimation with target direction only
tended to reach the target in a relatively direct way, which
may run into the obstacle. The trajectory estimated with both
target direction and intended movement selection curved to
steer around the obstacle and reached the target successfully,
as shown in Figure 5(b).

Pearson’s correlation coefficient (CC) and mean square
error (MSE) were utilized to evaluate the performance of
trajectory regression. Success rate means the rate of trials that

monkeys steered around the obstacles and reached the target
successfully, which was utilized to evaluate the decoding per-
formance in view of task completion. Figure 6 shows
estimation performance of three decoders with different
prior knowledge for both monkeys across ten data sessions.
Figure 6(a) shows the mean CC (top), MSE (middle), and
success rate (bottom) of each data session labeled by different
colors for monkey B. The histograms represent the mean CC,
MSE, and success rate of all the data sessions. Histograms
show that decoder with no prior information had the smal-
lest CC and biggest MSE, while decoder with both target
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Figure 6: Summary of estimation performance with different decoders for monkey B (a) and monkey C (b). Decoding performances with no
prior, target direction only, and both target direction and intendedmovement selection were shown. The x-axis represents three decoders, and
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direction and intended movement selection had the biggest
CC and smallest MSE. Actually, the CC of the decoder with
both target direction and intended movement selection
exceeded that without prior information, with only target
direction by 15.9% and 5.3%, respectively (MSE descending
rate: 18.8%, 7.9%). Figure 6(b) shows the decoding perfor-
mance of monkey C (CC ascending rate: 14.4%, 7.7%; MSE
descending rate: 16.4%, 6.5%), which was consistent with
the results shown in (a). The success rate obtained by both
target direction and intended movement selection exceeded
that without prior information, with only target direction
by 113.1% and 45.7% for monkey B and 93.4% and 59.0%
for monkey C, respectively. With more prior knowledge,
decoders obtained more instructive information, which
improved the trajectory estimation and trial completion
performance. More information was needed to estimate the
trajectory in a complex task. The results demonstrate that
both target direction and intended movement selection were
essential in the obstacle-avoidance task.

4. Discussion and Conclusion

In this study, we predicted the target direction and intended
movement selection during delay epoch and integrated the
planning information to MTM framework to improve the
decoding performance in movement epoch. The results of
PV and PCA demonstrated that units tuned to the target
direction and initial movement direction during delay 1
and delay 2, respectively. We sequentially integrated this
two prior knowledge to MTM. Compared to the decoders
with no prior and only estimated target direction, the CC of
trajectory estimation was promoted by 15.9% and 5.3%,
and 14.4% and 7.7% for monkeys B and C, respectively, while
the descending rates of MSE were 18.8% and 7.9%, and 16.4%
and 6.5% for monkeys B and C, respectively. The trial success
rates were improved significantly with both target direction
and intended movement selection for both monkeys. Results
imply that integrating target direction and intended move-
ment selection could improve the hand trajectories estima-
tion in an indirect reaching.

The indirect reaching is common in daily life. The envi-
ronment animals live in is very complex and full of obsta-
cles, which poses difficulties for decoding. The study here
proposes an approach to generalize the BMIs from a
point-to-point task to more complex task with planning
information integration strategy. The PMd is considered
to be related to planning during delay epoch [21–23].
Pearce and Moran have visualized the planning activities
of the PMd by PVs [2]. And the evolution of PVs during
delay 1 epoch in this study agreed with the above report.
We also found that the neural activities during delay 2
tuned to the intended movement selection. The neural
activities during rest epoch of some trials were beyond
our expectation. We found that both monkeys made some
prejudging during the rest epoch based on the task settings.
That implies that to some extent, overtrained monkeys had
the sense of workspace and made the prejudging based on
the hand position [38]. Furthermore, the shape or the place
of the obstacle might influence the performance of the

trajectory estimation. Although our study mainly focused
on incorporating prior information to improve decoding
performance, it would be important to further study the
influence of obstacles by using indirect reach movements
in the following studies.

MTM framework was proposed to improve the trajectory
estimation by integrating target information [16]. This
framework works well by conforming to the timeline of
performing a task: first planning and then moving. For some
more complex tasks, neural activities during planning are
always corresponding to the key information about the task.
So the extracted planning information provide some instruc-
tions for the following estimation. In this study, we generalize
this framework to a more complex task by integrating one
more prior knowledge. It is easy to extend the framework
to three or more prior knowledge by our methods. With
more prior information included, the trajectory of more
complex tasks could be estimated smoothly and accurately.
As mentioned in the Introduction, the state-of-the-art
ReFIT-KF promotes the online reaching movement estima-
tion performance by retraining the parameters with the
intention to target information [3]. The comparison of
ReFIT-KF and methods here would be conducted in online
BMIs in further study.

There are some limitations in our study. In practice, the
situation is more complex than the task performed in our
study. So more complex models [39] should be utilized to
extract more valid information. In addition, the time win-
dows to extract the planning information were fixed in this
study, where uncorrelated neural activities were involved in.
Several methods have been proposed to estimate the state
evolution during the task [39–42]. However, detecting the
time windows that planning happens is still an open ques-
tion. Only offline analysis was carried out here. More
experiments for online validation [17] needs to be done in
the following studies.
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