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Brain-computer interface (BCI) technology shows potentlafor application to motor

rehabilitation therapies that use neural plasticity to résre motor function and improve
quality of life of stroke survivors. However, it is often ddult for BCI systems to provide

the variety of control commands necessary for multi-task ra-time control of soft robot

naturally. In this study, a novel multimodal human-machinaterface system (mHMI) is
developed using combinations of electrooculography (EOG)lectroencephalography
(EEG), and electromyogram (EMG) to generate numerous coatinstructions. Moreover,
we also explore subject acceptance of an affordable wearabl soft robot to move basic

hand actions during robot-assisted movement. Six healthy sbjects separately perform
left and right hand motor imagery, looking-left and lookingight eye movements, and
different hand gestures in different modes to control a sofiobot in a variety of actions. The
results indicate that the number of mHMI control instructios is signi cantly greater than
achievable with any individual mode. Furthermore, the mHMlan achieve an average
classi cation accuracy of 93.83% with the average informabn transfer rate of 47.41
bits/min, which is entirely equivalent to a control speed ofl7 actions per minute. The
study is expected to construct a more user-friendly mHMI foreal-time control of soft
robot to help healthy or disabled persons perform basic hanagnovements in friendly and
convenient way.

Keywords: electroencephalogram (EEG), electromyogram (EM
machine interface (mHMI), soft robot hand

G), electrooculogram (EOG), multimodal human-

INTRODUCTION

Stroke is ranked as the third most common cause of disabiityldwide and seriously a ects
the quality of life of survivors in terms of their daily funotiing (Lim et al., 201). Up to 80%
of stroke survivors are left with a residual de cit in moventdunction of the arm and hand
(Hung et al., 201 It has been found that rehabilitation is most e ective iftituted early on the
rst 6 months post-stroke, when the mechanisms of brain plzstiare more active and facilitate
relearning and recovery of hand functioR¢bertson and Murre, 1999Although a rehabilitation
program involving repetitive movements of the activities aflg living can allow stroke survivors
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to partially recover lost motor function, it is di cult for may BCI have the potential to provide an assistive technology
patients to move their aected upper limbs in the mannerthat converts brain activity into commands communicatingtw
required by such physical training routineg\i{g and Guan, a user's intent to control robot-assisted system that promote
2013. Many clinical studies have indicated that active, repedjt the neural plasticity required for recovery of function afte
and intensive rehabilitation training may have signi cdsegne ts  stroke (Volpaw et al., 2002
for the recovery of impaired motor functionsF{sher and The method combining hybrid BCI and robot-assisted
Sullivan, 2001; Schaechter, 2004 the traditional therapeutic therapy is more e ective to recover from stroke help activate
approach, physical therapists teach stroke survivors how tegui brain plasticity than single traditional rehabilitation ehapy
their movements with the aim of regaining basic physicallskil (Dipietro et al., 2005; Ang et al., 20lFurthermore, the
However, this approach is highly labor-intensive, ine ciemind  control commands can be based on features extracted from
requires a good deal of physical e ort on the part of patients, whdiological signals, such as electroencephalography (EEG),
may sometimes refuse to actively cooperate with the regime. lelectrooculography (EOG), and electromyography (EMG). For
addition, patients may need to be hospitalized for some ofrtheiexample, using advanced methods for detection, processidg, a
rehabilitation. Another problem is that many physical therstgi classi cation of EMG signals from muscle movements, it has
may not have received the necessary training to prepare theproved possible to drive a prosthetic hand with fast response and
to administer such stroke rehabilitation programSu(tis and high precision Gray et al., 2012 However, stroke can lead to
Martin, 1999. Furthermore, the process of rehabilitation training muscle weakness to such an extent that muscles cannot produce
is inadequate in that it does not deal with Brain—computeradequate forces for e ective classi cation of the resultind&
interfaces (BCI). The above factors have severely restribie  signals, thus limiting the clinical application of this approach
clinical e ectiveness of rehabilitation training. (Lum et al., 201 An alternative approach is to monitor EEG
Recently, robot-assisted physical therapy has been proposactivity as a patient imagines an intended movement, thereby
to enhance neurological rehabilitation in traditional pesttoke  exploiting neural informations as input control for a robotic
therapy. Specically, not only can robotic devices be timecdrosthesis. Unfortunately, EEG signals do not have su cient
to provide rehabilitation training for long periods, delivag spatial resolution for them to be used to control individual
a suitable force for patients in a consistent, precise mannemger movements. Besides, EEG signals are attenuated glurin
without fatigue, but they can also be programmed to switchransmission, which hampers post-classi cation processing of
between di erent therapeutic modes depending on the stat¢hese signals to control ne movementgi@o and Ding, 2013
of rehabilitation of the patient. They are also able to monito EOG signals have good stability and larger potentials than.EEG
and record patients' performance during rehabilitation timig EOG can be applied to BCI at quite low cost and provides
(Takahashi et al., 20p&Many clinical studies have indicated that good accuracy, so this is another potentially useful method
robot assistance can signi cantly enhance the performarfce dor controlling robotic prostheses. However, the applicatidn o
physical therapy involving intensive repetitive hand movetsen this approach over sustained periods is limited by the fact
aimed at improving limb function ffasoli et al., 2003 The that users' eyes tend to become dry, fatigued, or even painful
human hand is a delicate and intricate structure made up ofSingh and Singh, 20)2 Each of these traditional single-
a total of 27 individual bones, and its joints allow a widemode BCI systems based on EEG, EOG, or EMG has its own
range of precise movements with around 21 degrees of freedodisadvantages hindering further development. In order tckena
(DOF) and subject to a complex distribution of forces. Altlgbu  use of the respective advantages of the di erent types of BB, it
conventional rigid robots are able to deliver linear andatimnal  possible to combine di erent modes in an approach called multi-
motion to the limbs of stroke patients with high forces and modal HMI (mHMI) (Allison et al., 201)) However, whether
torques, they still have some shortcomings. Typically, taey single- or double-mode, these methods of active control still
heavy, noisy, and expensive; they su er from limited adapitghil possess a number of shortcomings, such as a limited number
they are potentially unsafe; and they require care and tinme foof possible commands, poor real-time capability, and failure
proper alignment with human jointsKolygerinos et al., 20.5 to meet the requirements of the basic actions required in
Soft hand robots have a number of advantages over convaitiorrehabilitation training.
robotic devices. They have a continuously deformable &irec The aim of mMHI combining two or more user modes
that ts snugly with the ngers, allowing accurate performas such as eye movements, hand gestures, and motor imagery in a
of exercises. They also allow plastic bending with a highekegr coordinated approach is to increase the number of instruction
of curvature and a high level of security, and there are pasiti and enhance classi cation accuracy, reduce errors, anctouee
interactions between limb and robot. As a result, the painfuthe speci ¢ disadvantages of each individual mode of Bh{i
muscle cramps or spasms and secondary injury that can occet al., 2013; Zhang et al., 2Q1&or example, Edlinger et al.
with robotic systems are e ectively avoide&ys and Tolley, introduced a system employing real-time analysis of EEG, EMG,
2015. With the use of soft hand robots, stroke patients areEOG, and motion sensors to implement three di erent types
able to participate actively in rehabilitation exerciseg theolve  of navigation optimally suited to a user's needs for a specic
bending motion of the ngers to meet basic requirementscontrol task. However, this system required subjects toguerf
of everyday life, such as drinking and eating. However, therede ned tasks in chronological ordei&(llinger et al., 2093
appropriate control strategy to make a soft robot comply with aNam et al. presented a novel HMI that allowed a user to control
subjects intended motion is still an open problem. a humanoid robot by selecting items from a prede ned menu
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through eye and tongue movements and tooth clenching detect positioned according to the 10-20 international system was
by GKP (glossokinetic potential), EOG, and EMG signalsysed to detect EEG activities and EOG movements, with all
respectively lam et al., 201y This suggests the possibility of the electrode impedances being kept below 5k. Both EEG
an mHMI approach that integrates two or more brain/nonbrain and EOG were sampled at 500Hz with the electrode (A2)
signal acquisition modalities from areas other than the dged on the right mastoid acting as reference and the electrode
hemisphere. There have also been some proposals for simg@ND) on the forehead as ground. EMG were used to track
switches and motion sensors in hybrid EEG-EOG based BGrm movements which were obtained from forearm muscle
(Lalitharatne et al., 20)3However, to the best of our knowledge, activities through the Myo Armband, with eight EMG sensors,
there is still no relatively mature, practical method of mHMI a gyroscope, an accelerometer, and a magnetometer measuring
that integrates EEG, EOG, and EMG for on-line control ofmuscle tension traveling across the widest part of the user's
robot-assisted system for stroke rehabilitation training healthy arm. The EMG electrode impedance was maintained
On the basis of recent research on mMHI, this studybelow 20 k. The Myo was capable of collecting EMG at a sampling
introduces a three-mode interface that should allow normatate of 200Hz, and employed wireless data communication
subjects to control soft hand robot performing intense repeti  (Bluetooth) with its own dongle. The EEG, EOG, and EMG
hand movements. The system can recognize motor imagergignals were simultaneously recorded, and a notch lter wsedd
hand gestures, and eye movements. EEG based pattern is usedemove 50Hz interference. The soft robot was a custom-
to detect the intention of left or right hand movement. EMG- built device developed and produced by our team for neuro-
based pattern is used to identify hand gestures to facilitatmotor rehabilitation of normal hands, as shown Figure 1B
control of the robot. EOG-based pattern is used not only toThe details of its design and the associated experimentap set
recognize eye movements such as looking left and right, bwan be found elsewherglfang et al., 20)5The robot comprised
also, by double blinking of the eyes, to select di erent awtio a lightweight comfortable glove, electric actuators, a kunt
that best suit the subjects needs within a selected categopanel, and a mini air pump, and was able to safely execute
Given high performance in mHMI, this is a critical step in the all combinations of joint exion-extension. Each actuateas
development of an e ective, mature, practical training system linked to a PVC pipe connected to an air pump to apply air

motor functional recovery. pressure through the control unit. The control unit included
proportional valves, a throttle valve, solenoid valves arteot
METHODS AND MATERIALS components. Flexible nger movements were made possible by
ve exion actuators worn on the hand and connected through
Participants an electronic board.

Six healthy subjects (four men and two women, aged 23-26

years old, and all right handed) were recruited to participate

in the study at regular times during their work period. All but Experimental Procedure

one of the subjects had prior experience with mHMI or similar The experimental approach was similar to that adopted in similar
experiments. The subjects were all able to control the mHMmMHMI studies (Ma et al., 2015; Minati et al., 20)@nd illustrated
system with their intentions and use their hands for anytti in Figure 2 It involved a training phase and a testing phase,
of daily living. More than anything, all signed an informed as depicted irFigure 2A. Subjects were asked to spen@ min
consent forms after having been noti ed for the experimentalcarrying out the training to set the parameters for the EOG and
procedure. And the study was approved by the Ethics CommitteEEG modes simultaneously, since they were known to be tamili
of Xi'an Jiaotong University, China, and they were manageavith the experiment. The screen was black for the rst 2s, then
according to the ethical standards of the latest Declamatiocross appeared in the center of the screen until 4 s, after waich

of Helsinki. cue picture appeared in a dashed border for 2 s. Inthe EOG mode,
) the appearance of a left or right arrow instructed the subject t
Experiment Apparatus and Setup track the arrow with their eyes (looking left and right) andtiwi

The proposed prototype mHMI combines EEG, EOG, and EMGheir eyes blinking naturally. In the EEG mode, imagined lef
modes into a fully integrated system to allow handicapped peopler right hand movement appeared in turn on the screen as a
to control their peripheral mobility. Each subject was regaito  cue demonstrating the motor imagery of the correspondingdan
sit comfortably watching the 14-inch screen of a portabledapt movement for 2s. Both the EOG and EEG modes involved 10
computer (Windows 7, Intel (R) Core (TM) i7 CPU, 2.10 GHz, trials, including 5 left arrows and 5 right arrows, or 5 timlest
2.70 GHz, 3.19 GB RAM, and 32 bits operational system), withlaand motor imagery (Ml), and 5 times right hand MI. All the
Myo Armband (Thalmic Labs Inc., USA) on one forearm to tracksubjects were asked to track the left or right arrows or imegi
arm movements while the other arm pulled on the soft roboteither left hand Ml or right hand MI, depending on a sequential
as shown inFigure 1L The subject was asked to rest both armsvisual cue stimulus. Thus, each trial of the EOG mode or EEG
comfortably on the desk, which was in its own room to reducemode lasted for 44 s.
noise and distractions. Moreover, in EMG mode, subjects were required to
The experiment was carried out to control soft robot as showrcreate a custom prole with the proper guidance of
in Figure 1A, EEG and EOG signals were recorded using YO Windows software development kit (MYO SDK)
Neuroscan NuAmps Express system (Compumedics Ltd., VIQ,.0.1 for Windows 7 that is free to download from the
Australia). An elastic cap with 40 mounted Ag/AgCl eleciesd website Ganiev et al., 2016; Labs, 20).8b
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FIGURE 1 | Display of the experimental condition and control system tademonstrate the using principles of mHMI in hand testing preess, (A) is the prototype model
of mHMI and experimental condition(B) is the schematic of control system and soft robot hand.
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FIGURE 2 | Trial structure for training and testing paradigm and procss of mode-alternating.(A) Trial procedure of a training and testing phase according tthe cue
presented in the screen or emitted from the computer. The tira ranges of EOG, EEG and EMG mode are from O to t1, from t2 to t3,rad from t4 to t5, respectively.
The time ranges for mode-alternating separately are from tfb t2, from t3 to t4, and from t5 to t6. (B) The mode-alternating circular ring describes the
mode-alternating process of the three modes according to sbjects intention from double blink.

After completion of a training phase, the mHMI enters then automatically issue the appropriate commands to control
a testing phaseFigure 2B is a ring chart illustrating the the soft robot using our customized software. When the system
alternation of the three modes (EOG, EEG, and EMG). Thiss idle, double blinks can again switch mode, in this casééo t
mode-alternating cycle makes it possible to control the renti EMG mode, accompanied by a “Moving” sound. The robot is
system with high e ciency according to the user's intent&n then controlled by commands generated by the software from
In the initial condition of the mHMI system, the EOG mode EMG, which works in an asynchronous fashion. Again, at any
is adopted as the default. Because this mode works in ame, double blinks can make the system reenter the EOG
asynchronous fashion, the system is always able to actigidgtd mode, accompanied by a “Looking” sound, thus completing the
eye movements, and the user can repeatedly change and seitérnation of the three modes.
EOG instructions to the soft robot at any time. If the systesn i  After setting the mHMI parameters, an experiment involving
idle, double blinks, which have the highest priority, cantstvi real-time control of the soft robot is performed to verify the
it to the next mode no matter what its current mode is. Thesystem performance. Subjects are again required to rest thei
EEG mode, in contrast, operates synchronously. When a doubms comfortably on the desk as in training, but this time
blink is detected using EOG, the system enters the EEG modistening for cue sounds without looking at the computer sgre
automatically and the computer emits a “Thinking” sound (not They are able to control the soft robot using only their minds
too loud). The subject then begins to imagine the executibn oin accordance with whichever one of a set of speci ¢ soft hand
left or right hand movement Jongsma et al., 20),3and the actions that they would like to execute. There is a customized
output data are stored in a standard text le. The system carorrespondence between ve basic hand gestures and ve hand
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TABLE 1 | A series of types of hand movement, task and hand action levels. So EOG model is established using the dual threshold
descriptions are presented in different modes for the propsed mHMI. method to identify eye movement of look left, look left and
Modes  Types of hand Task Hand action double blink, and transform them into corresponding command
movement which separately are push with bend ve ngers (S1), pull with
pinch ve ngers (S2), and modal shift (S0). In EEG mode, the
EOG Non grip Look left Push with bend ve ngers  DC component and baseline drift with respect to a preferred
Look right Pull with pinch ve ngers common average reference are rst removed from the EEG
Double blink Modeal shift signals and they are Itered by a zero-phase FIR lowpass lter
EEG Power grip Left hand MI Three nger grip with cut o frequency 0.05 45Hz. Next, the grand averaged
Right hand Ml Fist ERD/ERS in the EEG are estimated as the power decrease (ERD)
EMG precision grip Rest Idle or power increase (ERS) compared with rst2 s reference interva
Fist Ball pinch of the resting statel@ang et al., 2016; Cho et al., 201The mean
Wave in Tip pinch values of the quadratic sums of the signals separately @atain
Wave out Multiple-tip pinch by left or right hand MI are calculated. The power changes
Fingers spread  Finger loosen up in each channel are extracted through Daubechies wavelet at
Double tap Cylindroids grip levels using the db4 mother wavelet for the mean valtleep

et al., 201y. The di erence between the mean values from the
EEGs recorded respectively on the central region positioned

tasks. Those hand gestures that are more easily performé)e{er the left (C3) and right (C4) primary sensorimotor cortex

correspond to the hand actions that are most frequently uset a 'S obtained Babiloni et al,, 2003 and the ERD and ERS are

. . . . Icul ing di erence normalization. An imal hyper-
are most important. The optimum relationship between hand-2 Y gted using di erence norma a.tc.) optimal hype
. . . plane is then constructed as the decision surface for twaclas
gestures and actions and these hand actions are all listed

n S ; : .
Table 1 In each session of the experiment, a subject pen‘ormfseatu_re class! cation, following which the app“’p“'"?‘t? kernel
. unction RBF is select, and the parameters of the decisioncirfa
all the actions for each mode. When the mHMI and user : . L
are idle, the subject is able to switch to next mode. All th are dgtermlned accprdmg o the pr|np|ples of Sulpport Vector
’ ) achines (SVM) using MATLAB functions “svmtrain.m” under

SUbJeC.tS implemented a single session with 50 rl_Jns, resting fMatlalb 2010a (MathWorks, Inc.Jdhang and Lin, 2011; Lawhern
3 5min between each run. The whole process is captured on

. . t al., 201p Final, the processed EEG data are input to the
videotape to record the time and the number of correct anof . . ST
wrong actions rained model of the SVM classi er, and the classi cation ri¢su

is then obtained from the test model on the testing set. The

. . results are easily translated into three ngers grip (S3) ast

Detection of Movement Intention (S4) command to control the soft robot. In EMG mode, if most

Using mHMI dominant arm muscles are alive, a subject can wear MYO on

In a testing phase, many control scenarios demand real-timkeis/her arm and practice the ve basic hand gestur€sifiev

and multitasking control commands detected from the user'st al., 201j The details of all operation also can be found

intention. Figure 3 shows how the mHMI system is basedat MYO support in the websiteL@bs, 2018a The application

on a combination of event-related desynchronization (ERDprogramming interface of Myo Connect is used to real-time

and synchronization (ERS), eye movements and hand gestureftain gestural data from EMG activities of forearm, and EMG

making full use of the advantages of each mode and helpingre input into the packaged pattern recognition algorithm to

to overcome the disadvantages. The most signi cant aspect ofassify hand gestures which are successfully transfortoed

the mHMI is its versatility and exibility, as represented by corresponding control instructions (such as S5, S6, S7,%8, S

the various hand actions. Before detecting user's intenttbe  and S10).

training model of EOG and EEG are built by the training data

collecting 10 times trials per mode to calculate thresholdd a . .

train classi er parameters, respectively. Then the MYO musPn-Line Control Soft Robot Hand With

be warm up and performed a special calibration hand gesturdie mHMI

according to the requirements of MYO API every time in case offhe prototype mHMI has the advantages of friendly human-

re-positioning the MYO on user's arm. For the calibration andmachine interaction and e cient real-time control of the

successful synchronization, the APl is able to accuratdbutate  soft robot (ViartiSius and DamasSewius, 201k The system is

a user's custom pro le whose related parameters are saved implemented based on our customize€C application, which

a computer. has been developed to allow on-line recording of EOG, EEG,
Once the mHMI enters a testing stage, in EOG mode, EO@nd EMG while ensuring that all data remain synchronized; the

are rstly Itered using a zero-phase FIR lowpass lter (hammgin details of the similar synchronization method are desatilvethe

window) with a lower cuto frequency 0.05Hz and a higher referencesl(uu et al., 201)/ As shown inFigure 4, there are four

cuto frequency 45Hz Ghao et al., 20).7Next, the results are aspects to the achievement of this goal.

obtained by Itered EOG based on wavelet transform using The rst aspect is human and environmental. The subject

the 4th order of Daubechies Wavelet with 10 decompositiortan select di erent mental/action tasks in accordance wiib t
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FIGURE 4 | The main structure and work ow of the mHMI.

external environment, such as eating or drinking, to cohtro and software, from which information can be exchanged betwe
the soft robot, after which the outputs of the control are fedsoftware, computer hardware, and soft robot. The EEG, EOG,
back visually in real time to the user. This enhances systenEMG and the o ine training parameter are entered into the
interaction ability, and might be e ective for hand recovery computers by the program interface, with instructions being
in patients with hand muscle weakness. The second aspemtailable directly from the control interface. The insttioas for

is the provision of hardware support for an on-line/o -line the EEG mode are written in a le named Label.txt, which is
data acquisition and control system. The training modeldge generated by calling a training program written in MATLAB.
to collect EOG and EEG using the same NuAmps system d&sach time the program is re-run, the previous Label.txt le
for training data, following which the calculated corretet is overwritten.

parameters are transmitted to the testing model in an o -line  The fourth aspect is the software integration platform which
training phase. In addition, a special calibration of handtgess  employs multi-threading and multi-processing techniques fo
should be performed to generate a user's custom pro le. Theeal-time data acquisition, pre-processing, feature ettvacand
testing model then automatically calls the related paransatith  classi cation, with each subsystem for EEG, EOG, and EMG
the Myo API. In the on-line testing phase, live EOG and EEGbeing contained in an individual thread3(llea et al., 20)3The

are collected using the NeuroScan SDK, while live EMG data aEBOG mode is the default thread, but the program interface can
collected using the Myo. The control system real-time rezeiv allow switching between threads through double blinkingst,
intentions to control air pump through a communication line. but most importantly, the soft robot is controlled using the C
The third aspect is the communication link between hardwardanguage on a single-board computer and th@Cimplemented
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in Visual Studio 2010 for hardware interfacing. Communioat second one. A single-valued pulse signal can then be obtained
between commands generated by dierent modes and th&om the point-wise di erence of the signals, although somésyo
control system is operated as a TCP/IP server, from whichandom signals are decomposed into small stair-step signals,
the program interface can transfer data reliably and cancceso a threshold 30nV should be set to correctly identify pulse
commands from the dedicated threads to allow real-time oe-li signals. If a threshold is met or exceeded, the pulse signal

implementation of the mHMI (inati et al., 201k is either regarded as a saccade signal or is neglected. The
. o corrected saccade signal is obtained as shown in the third
Evaluation Criteria of the mHMI subgraph: ifthe pulse signal is positive, it represents lookigigr

To complete the evaluation of the mHMI, the performanceotherwise it represents looking left. After correct idemition,

is estimated in terms of classi cation accuracy (ACC), coht the looking-left and looking-right signals can be transfad
speed, and average time in EOG, EEG, EMG mode angito commands for the robot hand to push with bend ve
multimodal. ACC is de ned as the percentage of successfuhgers and to pull with pinch ve ngers, and the double blink
actions. Control speed stands for the number of correctastin  signal can be transformed into a command for the system to
1 min. Average time presents mean time of whole task in 1 minshift mode.

These parameters have been calculated previously as followsin EEG mode, the physiological phenomena re ecting
(Lopezetal., 2037 sensorimotor brain activity through ERD/ERS components are

) extracted from the EEG signal to identify di erent tasks. The
Correct action output

ACC D : 00% 1) grand average ERD/ERS of C3 and C4 in the frequency range
Total number of sections of 8 12Hz is calculated as compared to the reference
Number of correct actions period 2s before the cue occurs across 10 trials for each

Speed Process fime @) subject. The mean ERD/ERS of left or right hand MI for

di erent condition are visible inFigure 6. To visually nd
In addition, to further assess overall classi cation penfi@nce, the brain activity and ascertain the percentage values for ERD
the ACC, control speednd the number of movement intention and ERS, the area of blue line with a square under red line
are combined by the information transfer rati6TR) which is  with a rhombus represents ERD (power decrease), and the
used to calculate for all the movement intention of di erent remainder area of green stands for ERS (power increase) during

modes Djemal et al., 2016 left and right hand MI (the time period 2s after the cue
appearance). The EEG reveals a signi cant ERD (Blue area)
ITRD and relatively week ERS (Green area) over the contralateral
1 Ac side (such as C3 or C4). The feature re ects the change of
S [logN CAcc logAccC (1 Acg  log( N 1C] (3)  signal characteristics, then it is expected to identify deftight
hand MI.
Where Sis control speedAccis classi cation accuracy of each  In EMG mode, the common features of surface EMG such as
mode.N is the number of possible movement intention. mean absolute value, waveform length, zero crossing, sigpe s
change and mean absolute value slope are used as an input to
RESULTS AND DISCUSSION a classi cation model for hand gestures recognitidgfhpkhar
etal., 201)) Then there is a customized correspondence between
Analysis of Movement Intention 5 basic hand gestures and hand tasks according to what extent

One of the advantages of the mHMI is to combine EOGsuch a principle to improve the action recognition e ciency
EEG, and EMG modes to detect movement intention, andand accuracy rate, meanwhile hand gesture that are morlyeasi
the signi cant feature of movement intention are analyze andoerformed matches well with hand action which is prioritized b
compare in each mode. In EOG mode, as showifrigure 5A,  frequency of use and importance, and the optimum relationship
an eye movement detection method is applied according to theetween hand gestures and actions is matched. If a subject
di erent distributed voltage ranges. The rst subgraph deéses performs the “Fist” hand gesture, this is recorded as a “Ball
the di erences from a comparison between the raw EOG angbinch” hand action, and the “Wave in,” “Wave out,” “Fingers
the signal after wavelet de-noising. In the second subgraplpread,” and “Double tap” hand gestures correspond to “Tip
if the signal is larger than the rst threshold 18@V, then pinch,” “Multiple tip pinch,” “Finger loosen up,” and “Cylindrali
the blink is taken to be signi cant; otherwise it is ignored. grip” hand actions, respectiveli¢yali and Hashimoto, 20)6f
Further, if the signal is larger than the second threshol® 38the “Rest” hand gesture is performed, the mHMI is considered
mV, the blink is considered to be voluntary blink; otherwise,as “idle.”

it is regarded as an involuntary blink. The nal subgraph

represents a blink removed EOG in the vertical direction and £2erformance Analysis of mHMI

separate voluntary blink. If the blink vector reaches or exise Subject actively takes participate in the interactive home
a threshold of 3, this is taken to indicate a voluntary doubldraining to complete the hand movements based on the
blink. Figure 5B depicts the process of saccade detection. ThemHMI. Figures 7A—Iseparately illustrates di erent hand actions
st subgraph shows the raw EOG obtaining 4 saccade singlescluding st, three nger grip, push with bend ve ngers, pull
These are then reconstructed based on wavelet transform imith pinch ve ngers, nger loosen up, ball pinch, tip pinch,
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FIGURE 5 | The recognition results of blinks and saccades detection. fer treatment of EOG, the same section marked in same color ith bar graph. (A) is the
processing results of blink base on EOG, the threshold valsel, 2, and 3 of blink vector separately stand for an involuntg blink, a voluntary single blink and a
voluntary double blink,(B) is the processing results of saccade, if the saccade amplitle is a positive number, it represents left saccade (blue) tberwise it means
right saccade (green).

A (%) 80

c4 + Rest

-.- Left motor imagery

c3 == Rest

== Right motor imagery

1
time(s)

0.5 1 1.5 2
time(s)

FIGURE 6 | The grand average ERD/ERS over C3 and C4 electrodes separayetompares to the corresponding rest condition for detectig left- or right hand M,
(A) is the ERD/ERS over C3 electrode in right hand MI conditior{B) is the ERD/ERS over C4 electrode in left hand MI condition.

multiple-tip pinch and cylindroids grip with the help of a soft times/min. The number of errors varies from 4 to 8, with a mean
robot prototype in daily life. To evaluate the performance ofof 6.17 1.47 times. The ACC is about 91.83986.12%, with an
mHMI, the time and the number of correct or wrong actions for average of 93.83%0.02. Clearly, S1 performed well with regard
each action are all computed from the corresponding videotapt both control speed and ACC, since this subject had access to

in each run. The results of statistical analysis are intaatlfor lot of training over along period and was familiar with the ¢ool

each subject as shown Table 2 From this, the performance of process. S4 also achieved a remarkable performance, adopting a
each subject can be analyzed on the basis of these resudts. Thautious approach to obtain a good result and spending 3.96 s to
actions performed by the subjects take anywhere from 3.24 taish the whole process, thus giving a classi cation rate oP%8%6

3.96 min, and with control speeds ranging from 15.08 to 18.5%ith this control strategy.
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FIGURE 7 | The hand action results are separately presented. A subjed$ capable of grasping various objects of their everyday Bvquickly according to his/her
intention with assistance from soft robot.(A,B) Display separately the hand actions of st and three nger gripn EEG mode.(C,D) Separately show the hand actions
of push with bend ve ngers, pull with pinch ve ngers in EOG mode. (E-I) lllustrate hand actions of nger loosen up, ball pinch, tip pioh, multiple-tip pinch, and
cylindroids grip, respectively in EMG mode.

The mHMI not only increases the number of control that the EMG mode gives greater accuracy than the EOG and
commands, but also enhances the classication accuracy BEG modes.
combining the EOG, EEG, and EMG modes. Here, the By considering the ITR of each mode, itis possible to evaluate
performances of the separate EOG, EEG, and EMG modé#se overall classi cation performance of each mode across si
and of the multi-modal approach are assessed through asubjects. As can be seen from the above table, all subjects
analysis of the average time, control speed, ACC, and ITBuccessful nish the control task using the mHMI, with a coritro
for all subjects in 50 runs. The performance is shown foispeed of 17 1.14 actions per minute, giving an ITR of 47.41
each mode inTable3 As can be seen, the average time idits/min. The average ITR is signi cantly higher the EOG and
de ned as the mean time of six subjects who nish the entireEEG modes. Although the mHMI is not achieved the highest
process from the start of one intention task to output thelTR value, it shows signi cantly more commands than the athe
control command for each run in each mode. The numbersingle mode.
of actions is taken as the number of actions in a pre-dened In order to analyze the dierences between classication
manner for each run, with the EOG, EEG, EMG, and multi-accuracy, the classi cation performance of EOG, EEG, EMG,
modal modes having 2, 2, 6, and 10 action tasks, respectivend mHMI is presented inFigure 8 As can be observed, the
The control speeds of the EOG, EMG, multi-modal and EEGACC for each mode is above 88%, and even it reaches up to
modes successively decrease, being 50, 42.86, 16.95,88nd 98% in some cases. The EOG, EEG, EMG and multi-modal
actions/min, respectively. And their respective ACC valuebave their best performance and small deviation: 94.23%
separately are 94.23, 96.38, 91.46, and 93.83%. This als® sh®0278, 91.46% 0.0229, 96.38% 0.0178, and 93.83%0.0213,
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TABLE 2 | Performance form the six subjects of mHMI obtained with reaime
control the soft robot.

Subject second per Speed Error ACC (%) ITR
action (s) (actions/min) times (bits/min)

S1 3.24 18.52 4 96.12% 54.82
S2 3.54 16.95 6 93.23% 46.50
S3 3.60 16.67 7 93.45% 45.99
S4 3.96 15.08 5 95.29% 43.66
S5 3.48 17.24 7 93.06% 47.11
S6 3.42 17.54 8 91.83% 46.39
AVG 3.54 17 6.17 93.83% 47.41
SD 0.24 1.14 1.47 0.02 3.82

Subject 1, subject 2, ... subject 6 are short for S1, S2, ... S6, respectigly. AVG means the
corresponding average values, SD presents standard deviation. The ref in bold number
is the highest results among six subjects.

FIGURE 8 | The distribution of classi cation performance in EOG, EEG, MG,
TABLE 3 | The performance results of three single modes and multimodan and theirs basic combined mode across all participants durig on-line test.
parameters of time, commands, speed, ACC and IRT. Box edges represent the interquartile range which is the diance between the
1st and 3rd quartiles, red line and cross is the median of intguartile range

Parameters EOG EEG mode =~ EMGmode  Multimodal and the mean of minimum and maximum data values. Outlier poig with circle
mode stand for those that are greater than the interquartile rargy
Time per action (s) 1.2 10.2 14 3.54
commands 2 2 6 10
Speed (actions/min) 50 5.88 42.86 16.95 Comparison to Previous Work
ACC (%) 94.23% 91.46% 96.38% 93.83% Although the combination of EEG, EOG, and EMG modes
ITR (bits/min) 33.84 3.34 97.48 47.23 in an mHMI is promising, there are very few BCI systems

that have implemented this approachi¢ng and Khan, 201)7

However, in a similar approach, a system has been developed
respectively. Those values possess a small standard deviatio control external devices or other services with di erenput
which implies that the classi cation performance is clustere modalities based on EEG, EOG, EMG, or motion signals. The
close to its mean, and the corresponding system has stabiligpmbination of six di erent input signals gives an advantage
and reliability. To further compare and analyze the signi €an in the number of input controls (total 11) in comparison
di erences between the modes, thevalue is assessed by awith a single control/input mode, and the EEG-SSVEP method
statistical study using one-way analysis of variance (ANDV have an accuracy of 74%. All subjects are required to perform
test with IBM SPSS Statistics 19 (IBM Corporation, Amerioa) f prede ned tasks with each input method according to a
classi cation accuracy. Regarding the ACC of each modegthesequential experimental paradignidlinger et al., 2093 In
is a signi cant di erence of each mode, there is a signi cantcontrast to our work, subjects are able to switch betweenesod
di erence between the EMG and EEG modé3,[ 1) D 28.74, to control desired actions at any time through double blinkéth
pD 0.000] and between EOG and EEG mode, [1g) D 5.87, alarge number of control commands. A novel HMI to control a
p D 0.026], but no signi cant di erence between the EOG andhumanoid robot has also been presented and is the rst integfa
EMG modes (1, 15D 4.28,pD 0.053]. that integrates GKP, EOG, and EMG to improve information

Specically, the ACC between multi-modal and anycapacity, the results shows that the mean accuracy is 86.7

single mode is compared by the ANOVA. There also exist8.28% and the mean response time is 2.7@.72 s lam et al.,
considerable di erence between multi-modal and EEG mode€019. This system detects four kinds of tongue movement or
[F(1, 18D 5.73,p D 0.028], as well as EMG modg(, 15)D 8.43, eye movements, as well as teeth clenching movements, and the
p D 0.009]. Then it is not signi cantly in uenced by EOG mode subject controls the robot's performance of various actibgs
[F,18) D 0.13,p D 0.73]. However, the performance of the selecting from a prede ned menu. In comparison with our work,
mHMI is represented by the mean value of all the evaluatiorthe number of control commands is limited, and the inclusioin
parameters among di erent modal, it is not dominant in the EEG in this system has not been investigated. In other work, a
various parameters when comparing with EOG, EEG, or EMGybrid control approach at two levels has been used to control a
mode. Then it is signi cantly superior to the single modes with5 C 1 DOF robot from EEG, EOG, and EMG signals together
regard to control commands. In addition, it is further simgld  with head movements via consumer-grade wearable devices,
to add commands and avoid the disadvantage of individualenodand the classi cation accuracy of hEOG, ERD/ERS and blink
to the system, which is a further advantage of mHMI for a longmodel is 73 5% (Minati et al., 201} A further approach to
period of real-time experiment. HMI has combined di erent modalities to potentially control
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16 objects based on EEG, EOG, eye tracking, and EMG signgistients can be measured by EO8e(ger et al., 2006and
and the prediction accuracy is 90.38.8% (Novak et al., 2003 EMG have also been recorded from stroke patieftssqui et al.,
Although these two studies have integrated four or more déger  2013. Thus, patients might be able to select certain modes of
sensing technologies, they control a robot arm or objectgt@an  the mHMI to control the soft robot in a manner tailored to their
combinations of four or more signals rather than integratiof  individual conditions, and this would allow future investigons

all signals, and the e ect of the combination between threele® of the variation in classi cation performance between hewlt
and a single mode have beeninvestigated interms of clag@rc  and handicapped subjects. Finally, if a subject is not familia
performance. However, no obvious increase is found in thevith the operation of the mHMI, this a ects the classi cation
number of control commands. Presently, there is less rekearrate and control speed in the initial experiment. In additidhe

on ITR of mHMI under the same conditions. Then there areexperimental environment, including the subjects themsglv
some studies on ITR of mHMI as analogous to the currenttan have an impact on classi cation performance, for example
conditions as possible. The online result of hybrid HMI basedf a subject is sweating or nervous, and the collection of EEG,
on EMG and EOG is 43.3 bits/minBichwald and Jukiewicz, EOG, and EMG data can be aected by dierent intensity
2017, and the ITR of new hybrid EEG-EMG-BCI system isof noise.

18.43 bits/min in the process of writing some English letters

with a robot arm (Gao et al., 2007 Our system translates three
signals into 11 classes of control commands to control a SOEONCLUSION AND FUTURE WORK
robot with an accuracy of 93.83% which is outperformed thqn this study
above mentioned system and its mean ITR is 47.41 bits/mi ’
and it can be used to assist both healthy and disabled perso
with high e ciency in classi cation performance compared it

we have proposed a task-oriented approach to
ssistance and motor function training with the activitie§
Hgily living using the mHMI with robust real-time control of a

. soft robot through MI, eye movements, and hand gestures.
existing mHMI.

. . he system integrates EEG, EOG, and EMG modes to
Overall, this comparison demonstrates clearly that our nove

HMI sh little similarity with oth ¢ hvbrid BCI increase the number of possible control commands to soft
m shows ittle similanty with other recent hybrid robot in his/her customary expressive way. Subjects select
systems with the capacity to control external devices fo

habilitation f binati £ th ianal li erent modes with double blinks and execute various
rehabiiitation from a combination of Ihree or more Signals. ., actions to indicate the required command easily,

'éc())ct;he t:jeséMocf; our klnozvledgei ;he comb:nangn_ of EE_G’robustness and intuitively. The mHMI can detect 11 kinds
 an sighals has not been employed In Previouss .,y ement intention with an accuracy of 93.83% and an

studies. Furthermore, our prototype system has increase erage ITR of 47.41 bits/min. The proposed mHMI real-time

the number of control commands to a certain extent, an(;%gntrols soft robot in friendly and convenient way to provide

explored SUbje.Ct. acceptanc_e of an aor(_jabl_e weara_ble S%%ksistance to healthy or disabled persons with performing
robot. Hence, it is more suitable for application by disable and movement

persons using multiple rehabilitation devices for actitief Future work will focus on the development of a portable,

daily living. cheaper, fully asynchronous EEG/EOG/EMG-based mHMI
and a synchronous multi-information acquisition system

) o to improve control commands, control speed, ACC, and
The evaluation of the mHMI has shown that the combination of racticability. Meanwhile, the mHMI should be performed

three modes is feasible and e ectlye In increasing the ngmb 0 assist chronic stroke patients in recovering their hand
of contrql c_ommands. However, this prototype system still ha?notorfunctions.
several limitations.

First, the EEG mode impinges on the control speed of the
mHMI in a synchronous manner. Subjects start to imagine left o AUTHOR CONTRIBUTIONS
right hand movement when they hear a “Thinking” sound from
the computer, but it takes time to await the cue in this processlZ conceived and designed the experiments. BW performed
which a ects the control speed of the system. Second, if thi'e experiments, analyzed the data, and was responsible for
working pressure of the soft robot changes over time to fdthwe  Writing and revising the manuscript. CZ implemented the
a barometric threshold, the stiness change space is limitedn-line control platform based on Visual @ in Visual
although only to a certain extent’(ifei et al., 2017 Indirectly, ~ Studio and helped perform the experiments. YX analyzed and
this reduces the attainable strength of grasping actiont wi discussed the results. MW contributed to the important review
further e ects on applications such as lifting weigh®eimel  ©f the study.
and Brock, 2016 Third, because the subjects of the study were
healthy individuals, rather than patients su ering from skes  ACKNOWLEDGMENTS
or brain injuries, their movement imaginings may di er from
those of patients with impaired motor functionsh(g et al., The study reported was founded by the National Natural S@enc
201). Fortunately, clinical trials of BCI rehabilitation thegpy  Foundation of China (Grant No. 51675413) and the 13th
can detect the MI of patients to facilitate motor functional 5-Year Development Plan of the Equipment Pre-Research Field
recovery Ang and Guan, 2007 Similarly, eye movements of Foundation of China (Grant No.61400030701).
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