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bstract

Interaction with machines is mediated by human–machine interfaces (HMIs). Brain–machine interfaces (BMIs) are a particular class of HMIs
nd have so far been studied as a communication means for people who have little or no voluntary control of muscle activity. In this context,
ow-performing interfaces can be considered as prosthetic applications. On the other hand, for able-bodied users, a BMI would only be practical
f conceived as an augmenting interface. In this paper, a method is introduced for pointing out effective combinations of interfaces and devices for
reating real-world applications. First, devices for domotics, rehabilitation and assistive robotics, and their requirements, in terms of throughput
nd latency, are described. Second, HMIs are classified and their performance described, still in terms of throughput and latency. Then device
equirements are matched with performance of available interfaces. Simple rehabilitation and domotics devices can be easily controlled by means of

MI technology. Prosthetic hands and wheelchairs are suitable applications but do not attain optimal interactivity. Regarding humanoid robotics,

he head and the trunk can be controlled by means of BMIs, while other parts require too much throughput. Robotic arms, which have been
ontrolled by means of cortical invasive interfaces in animal studies, could be the next frontier for non-invasive BMIs. Combining smart controllers
ith BMIs could improve interactivity and boost BMI applications.
 2007 Elsevier B.V. All rights reserved.
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. Introduction

.1. Hybrid bionic systems

In everyday life, we increasingly interact with machines,
uch as computer, appliances, even robots. This interaction is
ediated by a human–machine interface (HMI). The ensemble

ser-interface-device, comprising both artificial and biological
omponents, is defined as hybrid bionic system (HBS).

From a control system viewpoint, Fig. 1a shows the informa-
ion flow that happens as we interact with a HMI. Our intention

o interact with the interface for a utilization task, e.g. grasp a
nob, resides in dedicated neural networks within the brain and
s translated into complex motor commands and then dispatched

∗ Corresponding author. Tel.: +39 050883405.
E-mail address: oliver.tonet@sssup.it (O. Tonet).
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rom the areas for motor planning and execution toward the tar-
et muscles through the cortico-spinal and peripheral nervous
bres. The results of our action are then gathered by our sensing
ystem (eyes, touch and proprioceptive receptors, etc.), trans-
ated into sensory signals and fed back to the central nervous
ystem (CNS) through the afferent pathways.

This scenario is over-simplified, but nonetheless it allows to
larify the potentials of direct brain–machine communication.

brain–machine interface (BMI), or brain–computer interface
BCI), can be defined as any system able to monitor brain activ-
ty and translate a person’s intentions into commands to a device.
n an ideal BMI, the motor commands, instead of being sent to
he physiological musculo-skeletal effectors, will reach an arti-
cial actuator (a robot); its action on the environment will be

easured by a sensing system composed of artificial sensors

nd the information gathered will be fed back to the CNS as nat-
ral afferent signals (see Fig. 1b). The artificial system can be
ooked in at various levels in the system above, e.g. intercepting

mailto:oliver.tonet@sssup.it
dx.doi.org/10.1016/j.jneumeth.2007.03.015
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Fig. 1. Schematization of human–machine interaction loops: (a) the n

lectromyographic signals or directly stimulating the peripheral
ervous system (PNS) for feedback, but for a true BMI, only
he CNS will be interfaced; the BMI will be therefore indepen-
ent from the functioning of the PNS and will be usable also
y severely disabled patients. Since to date no technology can
rovide a viable feedback method by directly stimulating the
ervous system, the usual approach is to use the natural senses,
uch as vision or touch, in order to dispatch relevant information
o the brain.

.2. Types of users

BMIs have so far been extensively studied as a communica-
ion means for people that are affected by disabilities – such as
everely advanced stages of amyotrophic lateral sclerosis (ALS)
r muscular distrophies, brainstem lesions, etc. – who, because
f the underlying pathology, have no voluntary control of mus-
les (Wolpaw et al., 2002; Donoghue, 2002; Mussa-Ivaldi and
iller, 2003). In this case, despite having a normally working

rain in terms of cognition and self perception, they possess
o communication means with the outside world and a BMI
ay represent their only way to interact with other people and

bjects. For these cases, also BMIs of relative efficiency will
epresent a significant improvement in daily living abilities, so
ven interfaces with low bit rates can be considered as prosthetic
pplications. Indeed, the most skilled BCI typewriters achieve
nly bit rates of few letters per minute.

On the other end of the spectrum are able-bodied users. For
hese users, a BMI as an alternative communication device is not
seful, due especially to their low bandwidth and the fact that
urrent BMIs impose a high cognitive load, with long training
eriods, and do not allow the user to perform activities besides
nteracting with the BMI itself, to avoid the generation of artifact
ignals that are not directly related to the driving of the BMI.
n such conditions, a BMI would only be practical if conceived
s an augmenting interface, i.e. an interface that allows users to

erform actions in addition to what they already can do with
heir normal abilities. Fig. 1c shows the human augmentation
cenario, in which a user both exploits his natural neural path-
ays and a BMI for communicating with two or more interfaces

oncurrently.

o
t
c
t
e

interaction; (b) brain–machine interaction; (c) human augmentation.

.3. Objectives

In this paper, within the context of HBSs, we hypothesize
hat performance of HMIs can be roughly compared indepen-
ently from task and method and across all types of users. It is
hen shown how, under this hypothesis, it is possible to point
ut effective combinations of interfaces and devices for creat-
ng real-world applications, by using throughput and latency as
erformance measures. The paper focuses on BMI technology,
ut the method can be applied to all classes of HMIs. In Sec-
ion 2.1, throughput and latency as performance measures for
BSs are introduced and also briefly discussed. In Section 3,

ypical devices for HBSs in the context of domotics, rehabil-
tation and assistive robotics and their requirements in terms
f throughput and latency are described. In Section 4, HMIs
re classified and their performance described in terms of the
ame parameters. In Section 5, previous requirements are finally
atched with the performance of available interfaces, discussing

urrently feasible applications of BMI technology and possible
uture applications. More common human–computer interfaces
re used as a comparison term. The paper concludes with an
verview of control factors that influence performance of HBSs
nd that can be exploited to boost BMI performance.

. Methods

.1. Performance measures of HBS

The performance of HBSs can be characterized by means
f several numerical parameters. In this work, throughput and
atency are described and used to characterize both the interface
nd the device components of a HBS. Throughput (also called bit
ate, bandwidth, or information transfer rate) is the rate at which
communicating entity sends or receives data, i.e. the amount
f data that is transferred over a period of time and is mea-
ured in bit/s. It is therefore a measure of the channel capacity
f a communications link. Error probability has an influence on

hroughput: error correction slows down the system and wastes
ommunication bandwidth. Latency is a time delay between
he moment something is initiated, and the moment one of its
ffects begins (onset latency) or reaches the azimuth/nadir (peak
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atency). The unit of latency is time (s). Normally, throughput
nd latency are opposed goals, because in low-latency commu-
ication more data will be wasted to control communication and
o check if the other party wants to interact.

In the following, classes of interfaces and devices are charac-
erized. For each class, a range for both throughput and latency
s defined. Concerning throughput, several ways to control the
evices and their communication needs have been analyzed.
hroughput of devices (TPd) was calculated as the product of

he number of bits per unit command b (bit/command) and the
umber of commands per second ν (command/s) that have to be
ent to the device to be able to control it interactively:

Pd = bν.

The throughput of interfaces (TPi) has been calculated as the
hannon information rate in (Shannon, 1948). This definition of

hroughput is also popular in the literature on BCIs, having been
rst suggested by Wolpaw et al. (1998). In most papers, TPi is
ot reported but the number of symbols, the error probability
nd the transfer rate (symbols/s) is stated or can be inferred. In
hese cases, a symmetric N-symbol channel with symbol rate

and error probability (1 − P) is hypothesized. Therefore, the
hroughput TPi (bit/s) has been calculated as:

Pi = R

(
lg2 N + P lg2 P + (1 − P) lg2

1 − P

N − 1

)

There are other definitions of throughput, such as the Blahut-
rimoto (used in Santhanam et al., 2005) and Nykopp (discussed

n Kronegg et al., 2005). However, the Shannon definition was
hosen because it can be easily calculated also in studies where
t is not reported and provides an acceptable measure for our
eeds, as will be clear in the following.

The value of latency depends on how interactive the system
s intended to be, on how much feedback is needed to close the
ontrol loop and on the physiological characteristics of the fibres
nervous propagation velocity due to diameter and myelination)
nd the number of relays (i.e. number of synaptic interruptions)
orming the loop itself. Physiological characteristics are dictat-
ng the limiting frame of the maximal time resolution of the
dopted BMI. Latency is also affected by the time resolution
f the technique used to retrieve information from the user, i.e.
atency cannot be less than the time needed by the technique
o measure the user’s intent or action. It is often difficult to say
hich is the biggest acceptable latency for communicating with

he user, so that they still feel interacting with the device and not
rustrated by the long waiting time.

.2. Other measures

Performance measures reported above are mainly focused on
nformation transfer capabilities (information throughput and
bility to meet deadlines). A wider range of metrics includes
eneral measures in terms of suitability of a device for a given

ask and class of target users. A few of these additional parame-
ers will be briefly introduced but neither examined in detail nor
sed to address the main topic of this work, i.e. the matching of
nterface performance with device requirements. A key param-
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ter is the degree of invasiveness, for example, because the risks
elated to surgical intervention inside the skull are not accept-
ble for augmentation devices or when a less invasive approach
ives similar results. A few additional measures are related to
he user-friendliness of the interface, including comfort for the
ser, portability, easiness of use, set-up time and need for care-
olders intervention. Further parameters to be considered are the
egree of bidirectional control (in terms of feedback), the train-
ng requirements, the cost/effectiveness balance, and robustness
o noise.

Another key point is the instantaneous and cumulative cog-
itive load required. The instantaneous cognitive load of the
nterface can make it interfere with the task at hand while the
nterface should work as much transparently as possible. The
umulative cognitive load, instead, can reduce the temporal sta-
ility, i.e. for how long the user is able to drive the interface
ithout degradation of performance, due to physical or cognitive

iring.
Repetitive work in occupational settings often requires a com-

ination of mental and physical demands, but little is known on
he relationship between attention and repetitive work. Tasks
hich require high vigilance but low neuromuscular work, may

nduce a sense of effort and mental fatigue (Tomei et al., 2006);
ognitive factors and mental stress may also cause muscular
atigue (Hendy et al., 1997). In attentive and cognitive tasks, it
s common to observe effort and fatigue especially during goal-
irected control, opposed to stimulus-directed control (Boksem
t al., 2005). Lorist et al. (2000) report that aversion against
repetitive task and reaction time increase significantly after

0 min. This is particularly true in completely paralyzed subjects
ho exercise in a BMI paradigm, when the mental workload is
emanding and the general situation of the subject is compro-
ized by the background disease and the contingent effect of

euroactive drugs. Besides, efficiency is also strictly dependent
n mental activity, that means that “undesired thoughts” act as
nterferences (Neumann et al., 2003). In these conditions, indi-
idual sessions should not be longer than few tens of minutes,
ith appropriate resting intervals. Moreover, external factors

uch as the drying of conductive gels of EEG electrodes over
he period of hours, or the formation of scar tissue surround-
ng invasive electrodes, over time scales of weeks, also limit the
otal duration of BMI experiments. To compare performance
ver periods of such length, also temporal stability becomes an
ssue (Hinz et al., 2002; Neuper et al., 2005).

Concluding, some works in the literature push for a standard-
zed framework to facilitate the direct performance comparison
f BMI systems (Mason and Birch, 2003). The ideal yet
ubjective performance metrics could be a measure of the
uality-of-life improvement for the end-user but the difficulties
o exactly define it are evident.

. Materials: devices
An increasing number of electronic appliances have become
ore and more common in everyday environment, also thanks

o portable equipment. In the field of domotics, also called home
utomation, HMIs are used to control devices and appliances.
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Table 1
Throughput and latency requirements of domotics, rehabilitation and robotic devices

Devices Throughput (bit/s) Latency (s)

Minimum Median Maximum Minimum Median Maximum

Rehabilitation 0.03 102.02 204.00 0.30 5.15 10.00
Hand 0.40 54.20 108.00 0.30 2.65 5.00
Wheelchair 0.60 15.30 30.00 0.30 1.65 3.00
Manipulation aid 7.20 36.60 66.00 0.30 1.20 2.10
Feeder 0.03 0.32 0.60 1.00 5.50 10.00
Manipulator + hand 7.60 90.80 174.00 0.30 1.20 2.10
Manipulator + hand + wheelchair 8.20 106.10 204.00 0.30 1.20 2.10

Domotics 0.10 3.05 6.00 0.30 5.15 10.00

Humanoid robotics 0.40 187.70 375.00 0.30 5.15 10.00
Humanoid hand 4.00 38.00 72.00 0.30 1.15 2.00
Humanoid arm 28.00 44.00 60.00 0.30 1.15 2.00
Humanoid trunk 1.20 10 60 20.00 1.00 5.50 10.00
Humanoid head 0.40 9.20 18.00 0.50 2.75 5.00
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Complete humanoid 82.00 228.50

he provided minimum and maximum values ensure interactive behaviour for a

omotics can contribute to a better quality of life, and can be
seful for disabled and elderly people to increase their indepen-
ency and autonomy. Domotics can be applied to safety and
emote surveillance, to the control of doors, windows, lights,
ndoor climate, multimedia and communication devices, and
ousehold appliances. The concept of environmental control is
nteresting also for other habitats, like an office, a car or outdoor
nvironments.

In recent years, even robots have become more common
n non-industrial environments. These robots are often called
uman-centered or human-friendly systems because the pres-
nce of the robot involves a close interaction between the robotic
anipulation system and human beings. The most important

pplications of human-centered robots is rehabilitation and
ssistive robotics. Rehabilitation robots are in contact with the
sers and safety is a primary concern (Tejima, 2000). Advances
n rehabilitation robotics are required by the growth of elderly
opulation and by injured people, to assist in rehabilitation pro-
edures and to provide new functional prostheses and orthoses.
ehabilitation robots are important for the healing of neuro-

ogical diseases (Krebs et al., 2000). Neural prosthetics, i.e.
ovement restoration for people with motor disabilities, is

ndeed another key application for BMI technology. Cortical
ignals have been used to control a hand orthosis (Pfurtscheller
t al., 2000), with the aim to restore the connection from the brain
o a paralyzed arm. A locked-in subject has also used neural sig-
als to control a virtual hand (Kennedy et al., 2000) in the hopes
hat simulation would provide clues to potentially incorporating
unctional electrical stimulation into a BMI system to restore
ovement. Rehabilitation devices have hereby been grouped

nto several categories, namely: feeder robots, prosthetic hands
basic grasping function), wheelchairs (mobile platforms with
degrees of freedom (DOF)), manipulation aids (basic 6-DOF
obot arm). Two or more of these devices can also be combined in
omplex systems. Humanoid assistive robotics deals with robots
or domestic assistance, patient care, and even human augmen-
ation. They are more complex than rehabilitation robots, have

o
t
a
v

375.00 0.30 1.15 2.00

ty of users and applications.

ore DOFs and are supposed to be more reactive. Combinations
f robot systems (hands, arms, trunk, etc.), up to a complete
umanoid robot, have been considered.

Table 1 and Fig. 2 summarize the throughput-latency require-
ents of the above mentioned classes of devices.

. Materials: interfaces

At a first level (see Fig. 3), interfaces have been divided
nto cortical (the class that groups all types of BMIs) and non-
ortical. Second, a distinction between invasive and non-invasive
nterfaces, by considering as invasive those interfaces that need
kin incision, has been carried out.

.1. Cortical interfaces

Cortical interfaces (or BMIs) are all interfaces that exploit
nformation collected from the human brain cortical relays, by
arious means, invasively or non-invasively.

.1.1. Cortical non-invasive interfaces
Cortical non-invasive (C-NI) HMIs can measure and cor-

ectly classify specific signals of brain activity intentionally
nd automatically produced by the subject and translate them
nto device control signals. Such signals are recorded from the
calp and suffer from the limitations of their transit through the
xtracerebral layers (severe amplitude reduction, filtering of fre-
uencies particularly in the high-frequency range, spreading of
he generator source identification, increased contamination of
he signal from the generator(s) by far-field volumetric poten-
ials). Features commonly used in experimental studies derive
rom brain signals that include alterations of the electrical activ-
ty recorded through electroencephalograpy (EEG) such as mu

r beta rhythms (Wolpaw et al., 1991), event-related poten-
ials (ERPs), including the P300 and N400 evoked potential
nd visual evoked potentials (VEPs), either transient (to indi-
idual, low-rate stimuli) or steady-state (to prolonged trains
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ig. 2. Graphical representation of the data in Table 1: throughput and latency
lasses of devices, thin lines represent subclasses.

f high-rate, repetitive stimuli) (Farwell and Donchin, 1988;
utter, 1992; Middendorf et al., 2000; Kelly et al., 2005b), tran-
ient variations of the background rhythms, i.e. event-related
de)synchronization (ERS/ERD) (Pfurtscheller et al., 1993),
low cortical potentials (SCP) (Birbaumer et al., 1999), and acti-
ation patterns induced by mental task strategies (Curran and
tokes, 2003; Kostov and Polak, 2000). To avoid the need of
kin preparation and electrolytic gels, dry recording electrodes
re being studied (Mason, 2005). Today’s wet electrodes are not
uitable for daily use in normal living environment; dry elec-
rodes would guarantee a good electrode/skin contact and allow
cceptable signal-to-noise ratio for longer session times.

Other features recorded with different modalities include
euromagnetic signals recorded through magnetoencephalog-
aphy (MEG) (Tecchio et al., 1997; Georgopoulos et al.,
005), blood oxygen level-dependent (BOLD) responses

ecorded through functional magnetic resonance imaging
fMRI) (Weiskopf et al., 2004) and localized activity-related
rain oxygenation measures recorded through near infrared
pectroscopy (NIRS) (Coyle et al., 2004).

•

Fig. 3. Classification of human–machine interfaces. Examples of signal ac
rements of domotics, rehabilitation and robotic devices. Thick lines represent

Current cortical non-invasive HMIs are unidirectional inter-
aces. Brain signals can be used to drive a machine. Stimulating
he CNS by means of non-invasive technologies, such as
ranscranial magnetic stimulation is not selective (Rossini
t al., 1994; Rossini and Rossi, 2007). Therefore, natural
fferent pathways are used for communication feedback (see
ig. 1b).

In Table 2 and Fig. 4 data collected and processed from the
ollowing studies are reported:

ERP, ERD/ERS: classification of mental states, related only
to motor imagery (Kauhanen et al., 2006), or including also
mental tasks (such as cube rotation or calculation) (Obermaier
et al., 2001; Nykopp, 2001; Lehtonen, 2002; Millán and
Mouriño, 2003; Millán et al., 2004), or imagination of sensory
stimulation (Dornhege et al., 2004).

P300 evoked potentials: selection of items in a sequence, such
as four-choice paradigm (Sellers et al., 2006a), or arranged
into square matrices, typically of size 6 × 6 (Donchin et al.,
2000; Kaper and Ritter, 2004; Kaper et al., 2004; Serby et

quisition techniques and of acquired signals are listed for each class.
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Table 2
Maximum and minimum values of throughput and latency for all classes of HMIs

Interfaces Throughput (bit/s) Latency (s)

Minimum Median Maximum Minimum Median Maximum

Cortical non-invasive (C-NI) 0.01 0.42 1.63 0.50 2.10 126.00
ERD/ERS 0.12 0.38 0.69 1.00 1.50 5.00
P300 0.09 0.47 1.63 0.84 1.58 3.90
SCP 0.02 0.06 0.09 5.50 65.75 126.00
Sensorimotor (SensMot) 0.01 0.28 1.25 1.00 2.20 7.00
SSVEP 0.16 0.44 1.13 0.50 2.10 7.20

Cortical invasive (C-I): human 0.02 0.15 0.70 2.35 4.50 8.60
Cortical invasive (C-I): monkey 0.39 1.80 3.30 0.20 0.36 1.50

Non-cortical non-invasive (NC–NI) 0.44 2.61 27.02 0.14 0.70 9.50
Switch1 1.00 3.00 27.02 0.18 0.47 0.70
Switch2 0.44 0.55 1.04 0.50 3.20 9.50
Pointer 2.00 3.20 8.50 0.14 0.50 1.70
Speech 2.63 5.04 6.13 1.00 1.40 1.49
EMG 0.44 1.66 2.66 0.69 0.96 5.00
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on-cortical invasive (NC-I) 0.33 0.78

alues have been computed from the studies listed in the text.

al., 2005; Meinicke et al., 2003; Thulasidas and Guan, 2005;
Sellers et al., 2006b), or differently (Wang et al., 2005).
Slow cortical potentials: 1-D cursor movement tasks
(Birbaumer et al., 2000; Blankertz et al., 2004).
Sensorimotor cortex rhythms: 1-D cursor movement tasks
(McFarland et al., 2003; Fabiani et al., 2004; Buttfield et
al., 2006) and 2-D cursor movement tasks (Wolpaw and
McFarland, 2004; Fabiani et al., 2004; Geng et al., 2006;
Vuckovic and Sepulveda, 2006).
Steady-state visual evoked potentials: 1-D cursor movement
tasks (Middendorf et al., 2000) and nominal selection of a
variable number of targets, from 2 (Kelly et al., 2005a), to 12
(Cheng et al., 2002; Wang et al., 2006).
.1.2. Cortical invasive interfaces
Cortical invasive (C-I) interfaces are based on the voluntary

ontrol of the firing rate of individual neurons in the primary
otor cortex. Neural signals recorded in cortical invasive inter-

t
H
n
c

ig. 4. Graphical representation of the data in Table 2: Maximum and minimum va
lasses of devices, thin lines represent subclasses.
0.92 0.33 1.25 2.00

aces range from small neuronal samples to large ensembles,
ncluding local field potentials (LFPs), spread over a single or

ultiple recording sites (Lebedev and Nicolelis, 2006). Com-
only used intracortical electrodes are microwires (Marg and
dams, 1967), multiple electrode arrays (MEAs) (Maynard

t al., 1997), and neurotrophic electrodes (Kennedy, 1989).
n alternative, less invasive, recording modality is electrocor-

icography (ECoG) based on epidural or subdural implanted
esoelectrodes.
In humans, many experiments exploit ECoG signals mea-

ured on epilepsy patients requiring invasive monitoring of
ortical activity for localization and eventual resection of an
pileptogenic focus Kennedy and Bakay (1998). Also, studies
sing MEAs are being carried out by Hochberg et al. (2006). Cor-

ical invasive interfaces have the potential to be bidirectional.
owever, most studies currently use them only for recording
euronal activity, relying on visual stimuli for feedback, as in the
ase of cortical non-invasive interfaces. Signals used in cortical

lues of throughput and latency for all classes of HMIs. Thick lines represent
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nvasive interfaces are usually generated by the subject through
otor imagery tasks (Leuthardt et al., 2004; Graimann et al.,

004; Hochberg et al., 2006). Also, interfaces exploiting LFPs
enerated by non-motor imagery (e.g. in the auditory cortex)
ave been investigated (Wilson et al., 2006).

In Table 2 and Fig. 4, data collected and processed from the
ollowing studies with human subjects are reported:

1-D cursor movement (Kennedy and Bakay, 1998; Kennedy
et al., 2000; Leuthardt et al., 2004; Wilson et al., 2006);
2-D cursor movement (Hochberg et al., 2006);
Nominal selection of up to four mental states (Graimann et
al., 2003, 2004).

Research on the use of cortical invasive interfaces as BMI
as started on animals over three decades ago (Fetz, 1969;
umphrey et al., 1970). Indeed, being more invasive than human

tudies, animal experiments have shown higher performance.
ata from the following animal studies, on rats, cats and mon-
eys, have been included, in order to demonstrate the potential
f invasive technology:

Switches (Chapin et al., 1999; Laubach et al., 2000);
2-D cursor movement (Serruya et al., 2002; Santhanam et al.,
2005);
3-D movement of cursor and robot arm (Wessberg et al., 2000;
Taylor et al., 2002, 2003; Carmena et al., 2003).

Besides MEA, LFP have also been exploited (Bokil et al.,
006).

.2. Non-cortical interfaces

Non-cortical interfaces are all interfaces that do not access
he signals generated by the human cortex directly. The signals
hat drive the interface are measured in the peripheral nervous
ystem, on the muscles, or are the result of muscular activity
change of body posture or physical interaction of the body with
he interface).

.2.1. Non-cortical non-invasive interfaces
Non-cortical non-invasive (NC–NI) interfaces, sometimes

eferred as human–computer interfaces (HCIs), are operator
nterfaces terminals with which users interact in order to control
ther devices. The interaction can include touch, sight, sound or
ny other physical or cognitive function. HCIs have been divided
nto classes, according to the method used to detect the control
ommand sent to the machine.

The Switch1 class includes contact switches, i.e. keyboards,
ouch screens, joysticks, buttons, etc. The Switch2 class includes
on-contact switches, e.g. eye blinking systems, detecting user’s
ye blink and using sequences of long and short blinks inter-
reted as semiotic messages (Grauman et al., 2001), and a

amera-based finger counter (Crampton and Betke, 2002). The
ointer class includes mice, laser pointers (Oh and Stuerzlinger,
002) and interfaces built on gaze trackers (Jacob, 1990; Sibert
nd Jacob, 2000; Corneil and Munoz, 1996; De Silva et al.,

t
t
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003; Xiao et al., 2005). The Speech class consists of dictation
oftware and a small vocabulary automatic speech recognition
ystem (Urban and Bajcsy, 2005; Axelrod et al., 2005). In addi-
ion to the references above, to compute the values in Table 2 and
elated figure, comparative studies of common HCIs (Fitts, 1954;
ard et al., 1978; Plaisant and Sears, 1992; Hyrskykari, 1997;
acKenzie et al., 2001; Oh and Stuerzlinger, 2002; MacKenzie

nd Soukoreff, 2003) and the ISO Standard 9241-9 (ISO 9241-
:2000(E), 2000) were used and some data were inferred from
verage speeds of touch-typists (for keyboards) (Smith and
ronin, 1992; Khurana and Koul, 2005) and telegraphers (for
single switch). A few of these interfaces, such as those based
n gaze movements or eye blinking, can be used by also by
everely disabled people as an alternative to BMIs.

Moreover, electromyographic (EMG) interfaces were con-
idered. Some currently available rehabilitation devices, such
s hand prostheses, exploit EMG signals recorded via surface
lectrodes to select different predefined commands (Zecca et al.,
004; Chan and Englehart, 2005; Englehart and Hudgins, 2003;
jiboye and Weir, 2005). This approach offers advantages as

obustness and non-invasiveness. However, it is unidirectional
nd the number of channels of control is limited. Values for
MG-based interfaces in Table 2 have been calculated from the
bove references.

.2.2. Non-cortical invasive interfaces
The unidirectionality of EMG-based interfaces is the ratio-

ale of the recent attempts to directly connect the PNS with the
rtificial device by using non-cortical invasive (NC-I) interfaces,
.e. invasive intraneural interfaces. Invasiveness is obviously
onsidered a drawback and is acceptable only if it can lead to
ignificant and long-lasting improvements in terms of reliability,
electivity, stability of the implant.

Low invasiveness and high selectivity are not attainable at
he same time. Less invasive extraneural electrodes, such as cuff
nd epineural electrodes, have reduced selectivity. More invasive
ntrafascicular electrodes, such as longitudinal intrafascicular
lectrodes (LIFEs), MEAs and regenerative electrodes are more
elective and they allow interaction with small groups of axons
ithin a nerve fascicle. A review and comparison of different
eripheral nerve interfaces can be found in Navarro et al. (2005).

Few experiments on non-cortical invasive interfaces have
een published. Apart from the above mentioned papers, some
dditional numerical data have been calculated from Citi et al.
2006).

.3. Summary of interface performance

Table 2 and Fig. 4 show a summary of latency and through-
ut values for all classes of HMIs. These values are neither
eant to be an exhaustive coverage of all available inter-

aces, nor to reproduce the performance of the interfaces in
quantitatively rigorous way. It is also worth noting that the
hroughput-latency boxes are a simplified graphical representa-
ion and that not all points within the boxes are reachable or have
een measured in actual experiments. This holds especially for
he high-throughput low-latency corner. In general, only good
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ubjects in their best physical/mental shape can reach top per-
ormance. For most subjects, the typical performance lies more
oward the center of the box.

MEG-based BCIs have recently shown performance compa-
able to EEG (Kauhanen et al., 2006). However MEG devices
re expensive, immobile and extremely vulnerable to body-
enerated and urban magnetic noise, when operative outside
agnetically shielded rooms. fMRI scanners are also expensive

nd immobile. fMRI-based BCIs, such as (Yoo et al., 2004), suf-
er from poor temporal discrimination due to the haemoglobin
elaxation time which produce BOLD effects. On the other hand,
IRS-based BCIs, such as (Coyle et al., 2004) are inexpensive

nd portable. However, they suffer from very low throughput
in the order of 0.01 bit/s). For all these reasons, BMIs based on

EG, fMRI and NIRS are not suitable to control a HBS and are
ot included in this study.

Concerning BMIs, Fig. 4 clearly shows that, apart from SCP-
ased interfaces, in humans many BMIs have comparable values
f throughput and latency, which means that there is currently
o best choice for a given application. Factors that influence the
hoice, besides the application itself, could be the user, their
raining, and the feature extraction method. Throughputs higher
han 1 bit/s are very difficult to achieve, cannot be attained by
ll users and sustained for a long time. Concerning scalp EEG,
imitations could mainly arise from its low sensitivity, rather
han from the signal classification techniques. In fact, at the
urrent stage of technology, the generation and selection of sig-
als detectable by EEG cannot be performed at much higher
ates. This is surprisingly true also for invasive interfaces that,
n human experiments, have not (yet) shown their superiority.
owever, this is probably due to the more pioneering status of

lectrodes and to the higher disability of the patients: consent
o electrode implant is sought and given only in cases of very
evere disabilities. However, as patients degenerate toward the
ocked-in state, their ability to learn and communicate with a
CI decreases (Birbaumer, 2006). In monkeys, thanks to more

nvasive BMIs, such systems have lower latency and higher
hroughputs, the latter also thanks to longer training periods.
n summary, while the invasive approach can be promising for
he future, open issues (Micera et al., 2006) and ethical aspects
ave to be investigated before they can be considered suitable for
ehabilitation and for applications in able-bodied people; such
oncerns cannot be overcome at the present.

The main problem of cortical invasive interfaces is the lim-
ted robustness and the time-decay of their efficacy, due to the
ncapsulation with scar tissue around the recording area, the
resence of proteins adsorbed onto electrode surface, and the
icro-movements between the brain and the interface damaging

he nervous system and degrading the precision of the recorded
ignal. Recent studies exploiting MEAs recording LFPs from a
ample of hundred or thousands neurons located in the relevant
ortical area, open encouraging scenarios because, even with the
rogressive loss of a number of neurons in contact with record-

ng tips, the remaining amount of information is sufficient to
llow the essential features of the cortical output. LFP analysis,
owever, has only been obtained in off-line recordings (Rickert
t al., 2005; Bokil et al., 2006).

i
w
f
i
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ECoG combines advantages over intracortical electrodes (no
ortical invasiveness, reduced clinical risk, greater long-term
tability) and EEG technology (larger amplitude of recordings,
igher spatial resolution, reduced artifacts, less attenuation in
he higher spectrum), while not incorporating many of their lim-
tations (Moran, 2003). Nonetheless, ECoG is still an invasive
echnique requiring craniotomy and dural meningeal opening,
hich limits its use on specific clinical conditions.
Intraneural PNS interfaces should allow good performance

n terms of throughput and latency. In fact, the results given in
able 2 have been calculated for the use of only one intraneural
hannel as in Citi et al. (2006). The throughput should be signifi-
antly improved by the combined processing of several contacts,
.g. involving more than one of the three nerves serving the hand
ensorimotor control (median, ulnar and radial).

. Results and discussions

In this section, the needs of the applications presented in
ection 3 are matched with the performance of the interfaces
escribed in Section 4, focusing on BMIs. Identifying the areas
f overlap allows to define realistically which applications can
e driven by means of a given BMI and also which types of BMI
re suitable for a given application.

Fig. 5 shows the overlap of application needs and interface
erformance. Matching the two parts of the figure, it is possi-
le to point out whether the performance of a single interface
eets the needs of a single application. Fig. 6 is similar to
ig. 5, but shows only BMIs among the interfaces and only

hose applications that can be potentially driven by a BMI. Fig. 7
hows throughput and latencies plotted on two separate panes,
roviding an alternative view of the same data.

At a first glance, it can be pointed out that feeder robots
nd domotic devices are suitable applications to be controlled
y means of a BMI. This is not surprising: indeed, the con-
rol panel of domotic applications is usually a simple interface
omposed of switches and sliders, controls that are easily imple-
ented by means of a BMI (Gao et al., 2003; Cincotti et al.,

006). Feeder robots have even simpler interfaces: a trigger sig-
al is needed to activate the robot, that then executes the feeding
ask autonomously without further feedback from the user. Even
CP-based low-throughput BMIs can be used to control feeder
obots. However, feeder robots are more easily controlled by
eans of puff/sip switches, which only require breath control

bility. Concerning more complex rehabilitation applications,
here is an overlap for higher-performance BMIs with robotic
evices that have few DOFs, i.e. BMIs can be used to control
rasping with a prosthetic hand (Guger et al., 1999; Aggarwal et
l., 2006) or a hand orthosis (Pfurtscheller et al., 2000; Kennedy
t al., 2000; Müller-Putz et al., 2005b) and a smart wheelchair
Millán et al., 2004; Tanaka et al., 2005). All other rehabilitation
pplications require higher throughputs.

Performance measured in monkeys suggest that cortical

nvasive interfaces could be used successfully for controlling
heelchairs and prosthetic hands with greater interactivity. With

uture developments, performance could increase to allow driv-
ng more complex robots, such as 3/6-DOF arms. Presently,
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ig. 5. Match of devices and all classes of interfaces. The upper part of the figur
f all interfaces is drawn as a gray area on the background; the lower part of the
o find out if a device can be driven by a given interface.

here is no overlap in Fig. 6; this means that interactivity rates
re not reached yet. However, with cortical invasive interfaces,
umans have not reached the same performance as monkeys.

n Hochberg et al. (2006), the quadriplegic human subject that
eceived the 96-MEA, was able to control a computer cur-
or to interact with home appliances, operate the opening and

s
c
c

ig. 6. Match of devices and all types of brain–machine interfaces. The upper part o
he performance of interfaces is drawn as a gray area on the background; the lower pa
uitable to be driven by a BMI have been plotted.
ses on devices, plotting rectangles for each device class, while the performance
e focuses on interfaces and shows the opposite. Matching the two parts allows

losing of a prosthetic hand and perform rudimentary actions
ith a multi-jointed robot arm. An interesting note is that
e could perform these actions even while conversing, which

uggests that invasive interfaces have greater capabilities of dis-
riminating shared output, i.e. simultaneous orders of different
ontent.

f the figure focuses on devices, plotting rectangles for each device class, while
rt of the figure focuses on interfaces and shows the opposite. Only the devices



100 O. Tonet et al. / Journal of Neuroscience Methods  167 (2008) 91–104

F terfac
a pape

h
B
a
t
t
a
r
t
i
d
a
a
t
s
fi
a
l
a

B
a
F
o
c
e
r
S
D

P
a
2
e
m
w
a
i
m
w
2
r
p
a

a
d
a
2

6

f
f

ig. 7. Box plots showing throughput (left) and latency (right) of devices and in
nd quartiles are plotted for all classes. The single experimental values from the

Concerning humanoid robotics, Fig. 6 shows that the
umanoid head (2-DOF) can be interactively driven by means of
MIs. This is an interesting application that has received little
ttention so far. Hands-free control of 2-DOF has the potential
o become a truly augmenting application, i.e. an application
hat could not be performed in the same way by one person
lone. Practical scenarios include: (a) the steering of a mobile
obot-mounted camera while the user’s hands are controlling
he robot movements by means of other HMIs; (b) the nav-
gation through a map (scrolling the map or an image on a
isplay) while the user’s hands are controlling a keyboard and/or
mouse or are being used for gesture recognition. There is also
small overlap that shows that BMIs could be used to drive

he 6-DOF humanoid trunk. This robot part was intended for
low positioning of the humanoid trunk as a starting point for
ne manipulation. Indeed, the 7-DOF humanoid arm, which has
similar number of DOF, requires more throughput and less

atency and cannot be currently driven interactively by means of
BMI.

Spellers (i.e. BCI-based typewriters) and neural cursors (i.e.
CI-operated 2-D pointing devices) can be considered as a sep-
rate category, since they have no real minimum requirements.
or patients that have no residual muscular control, a BCI speller
r neural cursor can represent their only means to communi-
ate and interact with the environment. Having no alternatives,

ven very slow-responding systems are acceptable. For these
easons spellers, mostly based on P300 evoked potentials and
SVEPs, are a much investigated BCI application (Farwell and
onchin, 1988; Wolpaw et al., 2000; Kennedy et al., 2000, 2004;

k
a
a
s

es, providing an alternative representation of data in Fig. 5. Moreover, median
rs listed in the text are shown on the box plots as dots.

erelmouter and Birbaumer, 2000; Donchin et al., 2000; Wolpaw
nd McFarland, 2004; Scherer et al., 2004; Kaper and Ritter,
004; Müller-Putz et al., 2005a; Serby et al., 2005; Thulasidas
t al., 2006; Vaughan et al., 2006). EEG-based spellers reach a
aximum throughput of about 1 bit/s (Kaper and Ritter, 2004),
hile the average is much lower (about 0.4 bit/s; Wolpaw et

l., 2002), which allows to type about 3 characters/min. Writ-
ng can be sped up with incorporation of statistical language

odels (Ward and MacKay, 2002), or other techniques for
ord prediction such as T9 in cellular phones (Inverso et al.,
004), but this affects how the commands are formed, i.e. the
equirement of the application, and not the interface through-
ut itself. Moreover, predictive methods are less robust to errors
nd noise.

Finally, BMIs can also be used to control devices and char-
cters in virtual reality environments, which can be useful for
evice prototyping (Bayliss and Ballard, 2000; Bayliss, 2003)
nd video games (Mason et al., 2004; Pfurtscheller et al.,
006).

. Conclusions

In this work, a method to match interfaces and devices to
orm hybrid bionic systems has been presented. Though main
ocus is on BMI applications, the method is applicable to all

inds of HMIs and can be used in general to determine, given an
pplication, what interface can be best suited to control it. It can
lso be used conversely, to find the applications that are most
uited for a newly developed interface. Throughput and latency



urosci

w
d
C
a
t
d
d
i
w
t
s

t
a
S
h
b
o
m
f
a
a
f
a
b
t
a
c
h
e
u

i
t
h
t
a
w
T
(
c
c
i
s
t
C
t
i
t
i
g
d

h
t
d
i

A

C
N
R
c
r
E
S
(

R

A

A

A

B

B

B

B

B

B

B

B

B

B

C

C

C

C

O. Tonet et al. / Journal of Ne

ere selected as measures, since they are defined on all kinds of
evices and interfaces and can easily be computed or estimated.
lassification of the exponentially growing research on BMIs is
challenging task; frameworks have been proposed for objec-

ively comparing BMI technologies (Mason et al., 2007) and the
efinitions of performance parameters such as bit rate are being
iscussed Kronegg et al. (2005). A broad formula for comput-
ng throughput has been selected: adopting another definition
ould have yielded slightly different values, however combina-

ions of effective interfaces and devices would not have changed
ignificantly.

Besides throughput and latency, there are other variables
hat affect performance of HBSs and that have to be taken into
ccount for the development of a complete system. As stated in
ection 2.1, BMI performance is not constant over time. On one
and, the duration of any single experimental session is limited
y cognitive and physical fatigue of the user and by degradation
f the BMI over time due to external factors; on the other hand,
utual adaptation of user and algorithms can boost interface per-

ormance over repeated experimental sessions, by increasing the
utomatic component of the task and decreasing the cognitive
nd attentive load (Bailey et al., 2006). In fact, task repetition
avour skilful performances due to progressive loss of cortical
nd voluntary control in favour of partly or entirely automatic
ehaviour. Moreover, the more automated a task is, the less is
he involvement of high-level control centers, the smaller the
mount of involved synapses and relays, the faster the task exe-
ution. However, BMI control efficiency reduction due to fatigue
as been reported also in automatic control systems (Kennedy
t al., 2000); this is, sometimes, caused by user attempt to speed
p the control (Kübler et al., 1999).

Concerning complete HBSs, it is possible to overcome lim-
tations of the interface by improving the effectiveness of
he commands sent to the device, i.e. by developing smart
igh-level controllers, which are able to perform parts of the
asks autonomously. HBSs with low-level controllers and no
utonomous behaviour will leave all decisions to the users and
ill require many simple commands to be driven interactively.
he commands will be simple (few bits/command) but frequent

many commands/s). On the other hand, an embedded high-level
ontroller with a high degree of autonomy will accept complex
ommands from the user and then act autonomously, typically
n a closed feedback loop based on data read from internal sen-
ors. Such a controller will require complex commands from
he user (many bits/command) but less often (few commands/s).
ontrollers with a modular degree of autonomy allow the user

o switch between lower and higher levels of control, ensur-
ng that the user is always in control of the device, but freeing
hem from the burden of controlling it continuously. Modulat-
ng degrees of autonomy could also be a means to overcome
aps between interface performance and application needs, by
eveloping more deeply integrated HBS.

In conclusion, it appears as the future of research in HBSs will

ave many facets: not only there is room for improvement in all
heir individual components (user, device, interface), but also for
eveloping more efficient strategies to make those components
nteract (control).
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