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Abstract
Brain-machine interfaces (BMIs) hold promise to treat neurological disabilities by linking intact brain circuitry to 
assistive devices, such as limb prostheses, wheelchairs, artificial sensors, and computers. BMIs have experienced 
very rapid development in recent years, facilitated by advances in neural recordings, computer technologies 
and robots. BMIs are commonly classified into three types: sensory, motor and bidirectional, which subserve 
motor, sensory and sensorimotor functions, respectively. Additionally, cognitive BMIs have emerged in the 
domain of higher brain functions. BMIs are also classified as noninvasive or invasive according to the degree of 
their interference with the biological tissue. Although noninvasive BMIs are safe and easy to implement, their 
information bandwidth is limited. Invasive BMIs hold promise to improve the bandwidth by utilizing multichannel 
recordings from ensembles of brain neurons. BMIs have a broad range of clinical goals, as well as the goal to 
enhance normal brain functions.

When neural function goes 
wrong 

All forms of mental activity have to be 
eventually expressed as muscle contractions 
and relaxations for us to be able to interact 
with the external world and to communicate 
with each other. Muscles control movements 
of the limbs and eyes, facial expression and 
speech production. Muscle contractions are 
also essential for many sensory functions, such 
as active tactile exploration. As our body parts 
move, their displacements are monitored by 
numerous sensory receptors. Ongoing streams 
of sensory and motor signals are processed 
by highly distributed brain networks. Much 
of this immense neural processing escape our 
conscious awareness, and we take for granted 
our ability to effortlessly perform very complex 
tasks, such as dexterous hand movements, 
speech, bipedal walking, balance control and 
many others.

Unfortunately there are cases when neural 
function goes wrong. Millions of people 
worldwide suffer from motor and sensory 

deficits caused by neurological conditions, such 
as spinal cord injury (SCI), stroke, Parkinson’s 
disease and amyotrophic lateral sclerosis (ALS). 
Strikingly, many higher brain functions remain 
intact even in severe neurological cases where 
patient is unable to move, speak and feel.

There is no efficient treatment for many 
motor and sensory disabilities. Patients remain 
bound to their beds or wheelchairs for the rest 
of their life. Clearly, the development of efficient 
treatments for these people is one of the most 
important goals for the medical science today. 

Arti�cial parts for the brain

BMIs hold promise to revolutionize treatment of 
severe neurological conditions by establishing 
direct functional connections between intact 
brain areas and assistive devices that restore 
motor and sensory functions [1-5] (Figure 1). 
For example, patients paralyzed by SCI could 
regain mobility owing to a motor BMI that 
connects neural circuits of the motor cortex to 
a robotic limb or an exoskeleton. Furthermore, 
somatosensory sensation could be restored to 

such patients using a sensory BMI that connects 
somatosensory cortex to prosthetic sensors of 
touch and position.

In addition to medical applications, BMIs 
could aid healthy people in certain tasks. 
Examples include BMIs for computer gaming 
[7] and neurofeedback systems that alarm 
long-distance after signs of drowsiness are 
detected in encephalograms (EEGs) [8].

In addition to the term “BMI”, systems that 
interface the brain to artificial devices are called 
neural prostheses, brain-computer interfaces 
(BCIs), neural interfaces, mind-machine 
interfaces and brain implants. Although some 
of these names may be preferred to the others 
in concrete cases, this terminology is commonly 
used interchangeably. The most futuristic 
authors would prefer the names “cyborg” and 
“avatar” to describe biological organisms with 
artificial parts or even entirely artificial bodies 
connected to the brain.

This review focuses on BMI systems that 
operate in motor and sensory domains. (BMIs 
for cognitive functions are skipped here.) 
Accordingly, three BMI types are considered: 
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1) motor, 2) sensory, and 3) bidirectional 
(sensorimotor). This classification resembles a 
simplified model of the nervous system that 
labels areas as “sensory” or “motor”. In reality, 
very few brain areas can be considered purely 
motor or purely sensory. Sensory and motor 
functions are intermixed in the brain, so the 
term “sensorimotor” is more appropriate for 
most of the areas [9,10]. Recently developed 
bidirectional BMIs can be viewed as a model of 
such conjoint sensorimotor processing [11].

The development of BMIs has been 
nothing short of spectacular in recent years. 
We have seen an exponential growth in 
BMI publications. Many of the published 
results were entertained exclusively in 
science fiction not so long ago, and nobody 
expected that they would become real so 
soon. Notwithstanding the success of proof 
of concept BMI demonstrations, a large 
number of these projects are at the stage of 
laboratory testing, and years of research will 
be required for them to translate to clinical 
arena and consumer applications. One 

notable exception is the cochlear implant, 
which has been extremely successful [12,13]. 

The prospect of BMIs intruding into the 
content of our minds, reading out thoughts 
and altering neural processing brings about 
ethical issues [14,15]. For instance, how to 
prevent unwanted interactions of BMIs with 
the representation of self and free will? Such 
questions are particularly pertinent to BMIs that 
operate in cognitive domain, such as BMIs that 
decode decisions [16] and handle memories 
[17]. Although many of ethical issues related to 
BMIs seem far-fetched today, these questions 
will certainly become much more important in 
the future, when the development of artificial 
parts for the brain accelerates.

Brief history of BMI research

Multielectrode brain implants date back to the 
experiments conducted by Lilly in the 1950s [9]. 
He implanted several hundreds of electrodes in 
monkey cortical areas and used these implants 
to apply electrical stimulation to different 

cortical locations. Lilly observed that electrical 
stimulation of both motor and somatosensory 
areas evoked movements of body parts.

In the 1960s and 1970s, scientists started 
to experiment with neurophysiological 
recordings as a method to provide subjects 
with a biofeedback of their own brain activity. 
Nowlis, Kamiya, Black and Sterman gave their 
subjects (animal and humans) a biofeedback of 
their EEG rhythms [1]. The subjects learned to 
control cortical rhythms voluntarily.

In 1963, Walter conducted an 
experiment that can be considered the 
first demonstrations of a BMI. He recorded 
readiness potentials in the motor cortex of 
patients undergoing neural surgery [18]. 
The patients were instructed to push a 
button in order to advance a slide projector. 
Readiness potentials occurred shortly before 
the button presses and were prominent 
enough to serve as a trigger for the projector. 
Accordingly, Walter connected the motor 
cortex to the projector directly. The subjects 
still continued to press the button, but the 

Figure 1. Brain-machine interface (BMI) for reaching and grasping by a robotic arm. Extracellular activity of cortical neurons was sampled with multielectrode arrays 
implanted in multiple cortical areas of a rhesus monkey. These neuronal signals were decoded and redirected to the controller of a robotic arm equipped with a gripper. 
The position of the robotic arm was displayed to the monkey as a computer cursor. The cursor size conveyed the information about the gripping force. The behavioral task 
required reaching and grasping virtual targets. In a manual version of the task, the monkey operated the robot by moving a two-dimensional joystick. The gripping force 
was produced when the monkeys squeezed the joystick handle. To enact direct brain control, the joystick was disconnected from the robot, and the robot was operated by 
the motor commands extracted from the cortical activity. Adapted from [6].
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readiness potentials often completed the job 
before the subjects moved.

A few years later, scientists at the National 
Institutes of Health (NIH) announced that the 
development of neurally controlled devices was 
their research goal. Group leader Frank wrote, 
“We will be engaged in the development of 
principles and techniques by which information 
from the nervous system can be used to control 
external devices such as prosthetic devices, 
communications equipment, teleoperators... 
and ultimately perhaps even computers” 
[19]. To accomplish this goal, the scientists 
implanted several electrodes in monkey motor 
cortex and recorded from a small population of 
neurons [20]. Their monkeys performed a wrist 
movement task. In an offline analysis of these 
recordings, multiple linear regression analysis 
was applied to reconstruct the movement 
traces from the neuronal activity with good 
accuracy. Next, the reconstruction algorithm 
was implemented online, and NIH monkeys 
were able to move a cursor on a LED display 
with their cortical modulations [21].

At about the same time, Fetz and his 
colleagues conducted pioneering studies on 
volitional control of single cortical neurons. 
Monkeys were operantly conditioned to 
voluntarily modulate firing rates of single 
cortical neurons [22]. Such control was possible 
even in the absence of overt limb movements.

In parallel to these studies on motor BMIs, 
research has started on sensory BMIs. Cochlear 
implant was the most notable development [13]. 
In 1957, Djourno and Eyriès evoked auditory 
sensations in deaf subjects using a single-
channel implant that electrically stimulated the 
auditory nerve. In 1964, Simmons introduced 
the first multichannel cochlear stimulator, and 
in 1970s House and Urban developed the first 
FDA approved device.

Research has also started on sensory BMIs for 
restoration of vision. The groups of Brindley and 
Dobelle [23,24] applied electrical stimulated 
to the primary visual cortex in totally blind 
individuals. Their subjects perceived light spots, 
called phosphens, and were able to recognize 
simple patterns composed of such phosphens.

BMI research markedly accelerated in the 
late 1990s – early 2000s. Nicolelis and Chapin 
pioneered neural control of robotic limbs. They 

demonstrated a BMI that converted cortical and 
thalamic activity recorded in awake, behaving 
rats into the movements of a one-dimensional 
robot [25].

Nicolelis then started a research program in 
nonhuman primates. This work resulted in a 
number of key demonstrations, such as robotic 
arms controlled by monkey cortical ensembles 
[6,26,27], BMIs with artificial tactile feedback 
loops [11], BMIs for decoding locomotion 
patterns [28], and BMIs for bimanual 
movements [29].

Kennedy and his colleagues developed a 
neurotrophic electrode that induces growth of 
myelinated fibers into the recording tip. An ALS 
patient implanted with this electrode was able 
to perform neural on/off control [30].

The group led by Donoghue conducted 
a series of BMI studies in monkeys and 
humans. After being implanted with invasive 
multielectrode arrays in the motor cortex, 
human subjects attained BMI control of a 
computer cursor [31] and a robotic manipulator 
[32].

Schwartz and his colleagues employed 
intracortical recordings in monkeys to enable 
three dimensional (3D) BMI control of a cursor 
[33] and a robotic arm [34]. Next, they involved 
human subjects and achieved control of an 
antropomorphic robotic arm through an 
invasive BMI [35].

Important contributions came from the 
groups of Andersen, Shenoy and Vaadia who 
explored different cortical areas as sources of 
BMI signals. They also introduced a number of 
novel decoding algorithms.

In parallel to the studies on invasive BMIs, 
many groups worked on noninvasive BMIs 
systems. This research produced a number 
of useful practical applications, such as EEG-
based spellers and wheelchair controllers. 
Considerable contributions to noninvasive 
BMIs have been made by the laboratories 
of Birbaumer, Pfurtscheller, Walpaw, Müller, 
Schalk, Neuper, Kübler, Millan and others.

Currently many laboratories around the 
world work on different aspects of BMIs. 
The BMI field is expanding. Additionally, 
commercialization of BMI systems has started, 
with several for companies already developing 
and distributing medical and consumer BMIs.

Neuronal tuning and neural 
decoding

Motor BMIs extract motor parameters from the 
firing of brain neurons. How is this possible? 
Numerous neurophysiological studies have 
shown that firing rates of individual neurons 
are correlated with behavioral parameters. For 
example, the firing of motor cortical neurons is 
correlated with the arm position and velocity 
and joint torque. BMI developers utilize such 
correlations to decode behavioral parameters 
from neural signals. 

Repeatability of neuronal patterns is 
the key factor that enables accurate BMI 
decoding. Consistent and recognizable 
patterns of neuronal activity that match 
specific behaviors are referred to as neuronal 
tuning. It should be noted that neurons are 
attuned to behavioral parameters in a noisy 
way. There is a considerable randomness in the 
firing of each neuron (or what appears to us as 
randomness, but may represent some kind of 
brain signalling). The random component of 
neuronal activity makes the task of decoding 
more difficult. 

Important studies of neuronal tuning 
were pioneered in the late 1950s – 1960s by 
Mouncastle in the somatosensory system [36], 
by Hubel and Wiesel in the visual system [37], 
and by Evarts in the motor system [10]. These 
founding fathers of neurophysiology employed 
sharp-tip electrodes to record extracellular 
activity of single neurons in various brain areas. 
They observed that single neurons produced 
fairly consistent patterns of discharges that 
represented a variety of sensory and motor 
parameters. 

The methodology of single-unit recordings 
was employed in many subsequent studies. 
Wise and his colleagues observed that neurons 
in premotor cortex were attuned to movement 
direction several seconds before movements 
started [38]. In these experiments monkeys 
were instructed of movement direction, but had 
to withhold movements until a trigger stimulus 
occurred. Kalaska and his coworkers employed 
single-unit recordings and similar instructed-
delay tasks to investigate the transformation 
of visual stimuli into the direction of voluntary 
movements [39]. 
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Georgopoulos and his colleagues examined 
discharge patterns of single motor cortical 
neurons during arm reaching movements 
in different directions [40]. They found that 
neuronal rates changed gradually with changes 
in movement direction. Such broad tuning to 
direction was well approximated by a cosine 
function. To explain the representation of 
movement direction by neuronal populations, 
Georgopoulos introduced the concept of 
population vector, which was composed of 
the contributions from individual neurons. 
The population vector was found to match 
not only the ongoing movements, but also 
mental transformations, for example a 90° 
mental rotation from the spatial location of 
the instruction stimulus to the location of the 
movement target [41].

Overall, these neurophysiological studies 
have shown that firing rates of single neurons 
carry information about behavioral parameters. 
As such, single neurons can be used for BMI 
decoding. The following example illustrates 
how decoding works. Neurophysiologists often 
use a speaker to monitor the discharges single 
neurons. An experienced neurophysiologist 
can tell what his monkey is doing by just 
listening to the speaker. For example, when 
the monkey reaches in the neuron’s preferred 
direction, the sound gets louder, and the 
sound weakens when the monkey reaches 
in the opposite direction. A BMI decoder 
also “listens” to neuronal firing and tries to 
guess what kind of behavior or intention the 
“sound” represents. Importantly, the decoding 
is more accurate when the decoder “listens” 
to a “symphony” played by a large number of 
neurons simultaneously.

Extraction of Information from 
neuronal ensembles

The larger the neuronal ensemble recorded, 
the better the accuracy of BMI decoding. The 
decoding improves because adding neurons 
increases the amount of information, and 
because noisy fluctuations in the firing of 
individual neurons cancel each other when 
they are grouped together for decoding [1,2].

This is not to say that small neuronal 
samples are useless for BMIs. In certain cases, 

a few neurons may be sufficient to operate a 
BMI [33,42]. There exist neurons with highly 
specialized response properties. Such neurons 
are often called grandmother neurons or 
Jennifer Aniston neurons because they are 
highly selective for one stimulus, such as an 
image of a grandmother or Jennifer Aniston 
[43]. If the purpose of a BMI is to detect the 
presence of Jennifer Aniston, then recording 
from such a neuron can be handy. 

Although the idea of having a specialized 
neuron for each parameter of interest may 
seem appealing, this is generally not the 
way the brain represents information. Neural 
representation of information is highly 
distributed, with individual neurons encoding 
multiple behavioral parameters and large 
populations of neurons providing the most 
accurate representations of those parameters 
[44]. This is why large neuronal ensembles 
and large-scale recordings are preferable for 
BMI control. In particular, recordings from 
large ensembles are critical when multiple 
behavioral variables have to be decoded 
simultaneously [28]. Additionally, ensemble 
recordings assure stability of BMI control [1]. 
As to Jennifer Aniston neurons, they are more 
likely to be discovered when there is a large 
neuronal sample to select from.

Decoding algorithms

BMI decoders employ statistical and machine-
learning methods to optimally extract behavioral 
parameters from neural activity. Initial settings of 
a decoder are computed using a sample dataset, 
also called training dataset. For example, in 
monkey experiments, training data is often 
derived from 5 to 10 minutes of performance 
during which monkeys execute their motor task 
manually, for example using a joystick [6,11,27]. 
For this interval, the decoder is trained to extract 
motor parameters (position, velocity, force) 
from neuronal activity. The mode of operation 
is then switched to brain control during which 
the task performance (e.g., reaching targets with 
a computer cursor) is controlled by the decoder 
instead of the monkey hand.

In addition to manual tasks, training data 
can be obtained by having a subject (monkey 
or human) passively observe movements 

performed by a prosthetic limb, or by asking 
the subject (human only) to imagine limb 
movements without producing them. These 
approaches to decoder training are particularly 
important for paralyzed patients who are 
unable to execute manual tasks.

Many BMI decoding algorithms have been 
proposed during the last several decades. 
The choice of algorithm in each concrete case 
is dictated by the behavioral parameters of 
interest, characteristics of neural signal (single-
unit recordings, field potentials, etc.), number 
of recording channels, and the requirements of 
the behavioral task (e.g., continuous control of 
cursor position versus making discrete choices).

Population vector has been an influential 
approach to neural decoding [41]. In this 
method, training dataset is derived from a 
center-out task during which the subject 
performs arm movements from a central 
location to different targets. The direction of 
movement for which a neuron exhibits the 
highest firing rate is called preferred direction. 
Decoding of movement direction is performed 
by calculating the population vector, which 
is a vector sum of individual-neuron vectors 
pointing in each neuron’s preferred direction 
and weighted by the firing rates of the 
corresponding neurons. Notwithstanding 
many benefits of the population vector 
approach, this method is suboptimal because 
it does not include procedures that would 
minimize the decoding errors.

The Wiener filter works in a very similar way 
to the population vector, but has an improved 
accuracy because it minimizes mean-square 
error [45]. The output of the Wiener filter for 
time  t  represents a weighted sum of neuronal 
rates measured at several points (lags or taps) 
in the past. In a typical BMI implementation, 
5-10 lags span 1 s interval preceding time t. 
The weights are computed for each neuron and 
each lag using matrix transforms of the training 
data. 

The Kalman filter works better than the 
Wiener filter for many cases, particularly for 
behaviors that consist of several stereotyped 
patterns. The Kalman filter segregates the 
variables into state variables (e.g., limb 
position and velocity) and observable variables 
(neuronal firing rates). During decoding, states 
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are updated for discrete time steps (typically 
50-100 ms). The update consists of two 
computations. First, the next state is estimated 
from the current state. Second, this estimation 
is corrected using the values of neuronal 
rates. This latter correction utilizes a model of 
neuronal tuning that describes the relationship 
between the states and neuronal patterns. 

The unscented Kalman filter (UKF) offers 
several improvements to the classical 
Kalman filter [46]. It adds nonliniarity to the 
neuronal tuning model to better describe the 
relationship between neuronal modulations 
and movements, and also adds a time history 
of neuronal rates. 

Artificial neural networks (ANNs) have been 
utilized as BMI decoders with good results 
[25,26]. Several ANN types are applicable to 
BMIs, for example Gaussian classifier, multilayer 
perceptron, Bayesian logistic regression 
network, adaptive logic network and learning 
vector quantization network. Shenoy and 
his colleagues proposed a dynamical ANN, 
called recurrent neural networks (RNN), where 
neuronal activity is treated as a function of its 
history [47].

Discrete classifies are of interest for BMIs that 
require discrete choices instead of continues 
decoding. For example, EEG spellers decode 
font characters from cortical potentials [48,49]. 
Several discrete classifiers have been utilized 
in BMIs: linear discriminant analysis, support 
vector machine, hidden Markov models, 
k-nearest neighbors algorithm, and fuzzy logic 
decoder.

Motor BMIs and theories of 
motor control

Several theories of motor control were originally 
developed to explain neuronal mechanism of 
movements, but they are also relevant for the 
development of better BMIs.   

Motor circuitry of the nervous system 
consists of many areas interconnected in a 
hierarchical order. Cortical areas are at the 
top of this hierarchy. They handle advanced 
motor functions, for example dexterous hand 
movements. The brainstem and the spinal cord 
control simpler, automated motor patterns, 
such as spinal reflexes [50] and rhythmic 

movements generated by central pattern 
generators (CPGs) [51].

The concept of reflex arc [50] has been very 
influential in the field of motor control. A reflex 
is a fast, automated motor responses evoked 
by a sensory stimulus. The circuitry of simple 
reflexes (e.g., knee-jerk reflex) resides in the 
spinal cord. By contrast to reflexes, voluntary 
movements are programmed centrally in 
the brain, principally in the cortex. They 
are organized around a goal. Typical motor 
activities includes both voluntary and reflex 
components [52]. Accordingly, BMI designs 
could benefit from enabling both reflex-like 
controls and voluntary movements. Such BMIs, 
called shared control BMIs, let the user control 
higher-order parameters (e.g., start, stop, select 
the target of movement), while delegating 
lower-order controls to a robotic controller 
(e.g., stabilization of a prosthetic arm against 
external forces).

Many modern theories of motor control build 
around the idea that the brain uses an internal 
model of the body to organize motor activities. 
This concept was first introduced by Head and 
Holmes who proposed the term “body schema” 
to explain how the brain keeps track of the body 
configuration and continuously updates the 
representation of the body based on sensory 
inputs [53]. The concept of the body schema 
is highly relevant to modern BMI research. 
Indeed, BMI developers strive to build neurally 
controlled limbs that gradually become 
accepted by the brain as natural appendages of 
the body and eventually become incorporated 
in the brain representation of the body [1].

Stemming from the ideas of Head and 
Holmes, the internal model theory [54] considers 
two components of the motor system: the 
plant (e.g., an arm with its joints and muscles) 
and the controller (neural circuitry that controls 
the arm). The controller builds a mechanical 
model of the plant, which is used to program 
future motor states. These programmed motor 
states are compared with the sensory feedback 
that the controller receives from the plant. 
If a discrepancy is detected, the controller 
issues a correction command. The equilibrium 
point hypothesis [55] describes one possible 
implementation of the controller. According 
to this hypothesis, higher-order motor regions 

set a new equilibrium point for the plant, after 
which a spinal servo mechanism brings the 
plant into the equilibrium point.

BMIs that enable arm 
movements 

Reaching and grasping movements are vital 
for our everyday activity. Unsurprisingly, many 
BMI developers primarily focused on this type 
of movement.

Figure 1 shows the main components of a 
BMI for reaching and grasping implemented in 
rhesus monkeys [6,27]. In this study, monkeys 
received multielectrode implants in several 
cortical areas that are known to be involved 
in the control of arm movements: primary 
motor cortex, primary somatosensory cortex, 
premotor cortex, supplementary motor area 
and posterior parietal cortex. The animals 
learned to use their cortical modulations to 
control reaching and grasping movements 
performed by a robotic arm. The monkeys faced 
a computer screen where the robot position 
was represented by a circular cursor, the cursor 
diameter indicated the gripping force, and 
targets were represented by circles of variable 
size. The behavioral task required grasping 
virtual targets that appeared at different 
spatial locations. The monkeys first learned to 
move the robot with a joystick. They displaced 
the joystick to change the robot position 
and squeezed the joystick handle to exert 
a gripping force. Multiple Wiener filters [45] 
decoded the parameters of robot movements 
and gripping force from cortical modulations. 
During brain control, the robot was driven by 
the outputs of the filters. Two modes of brain 
control were tested. During brain control with 
hand movements, the monkeys continued to 
manipulate the joystick. During brain control 
without hand movements, the joystick was 
removed from the setup.

Schwartz and his colleagues enacted BMI 
control of reaching movements in 3D. Their 
monkeys viewed a virtual-reality cursor 
through stereoscopic goggles [33]. The cursor 
was initially positioned in the center of the 
workspace. On each trial, a spherical target 
appeared at a peripheral 3D location, after 
which the monkey had to reach to it with the 
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cursor. During manual control, the monkeys 
positioned the cursor by waving their arm in 
the air. During brain control, the cursor was 
controlled by a population vector decoder. 
The performance markedly improved after a 
co-adaptive algorithm was introduced that 
minimized the deviation of the BMI-generated 
trajectories from the ideal trajectories 
connecting the center and the target. Several 
years later, the same group demonstrated a 
BMI where monkeys fed themselves with a 
multi-jointed robotic arm controlled by motor 
cortical activity [34].

Following these demonstrations in monkeys, 
the laboratories of Donoghue [32] and Schwartz 
[35] implanted paralyzed patients with invasive 
cortical arrays and implemented BMIs that 
control reaching and grasping performed by 
sophisticated robotic arms.

In the meanwhile the group of Nicolelis 
developed a BMI that controlled two virtual 
arms simultaneously [29]. Several hundreds 
of neurons of neurons were sampled 
simultaneously in multiple cortical areas. 
Training data was provided by sessions of 
passive observations. During brain control, 
two virtual arms were driven by an UKF that 
represented both arms conjointly. Marked 
improvements in performance were observed 
with training. These improvements were 
accompanied by changes in correlation 
between neurons, which decreased as the 
monkeys perfected their performance.

Functional electrical stimulation

An alternative to using robotic arms and 
exoskeletons, is to connect cortical output to 
the subjects’ own muscles, and use functional 
electrical stimulation (FES) as the method to 
produce movements. Several BMIs of this kind 
have been reported.

Pfurtscheller and his colleagues attached 
a FES device to the forearm of a tetraplegic 
patient [56]. The BMI control was driven by EEG 
beta rhythms which the subject produced by 
imagining his foot move. The subjects learned 
to grasp objects using this BMI.

Fetz and his colleagues demonstrated a 
similar BMI control using invasive recordings 
from monkey motor cortex [42]. After a 

monkey’s hand was temporarily paralyzed with 
an anesthetic, activity of motor cortical neurons 
was converted into FES patterns that evoked 
torques around the wrist joint. 

The group led by Miller developed a more 
advanced cortical control of an FES device 
[57,58]. Monkey hands were paralyzed with 
an application of an anesthetic to the median 
and ulnar nerves at the elbow. Approximately 
one hundred neurons were recorded in the 
motor cortex. Their activity drove FES applied 
to several forearm muscles. Aided with this BMI, 
the monkeys learned to grasp objects.

BMI for bipedal walking

For many years, BMI research focused on the 
upper limbs, while the functionality of the 
lower limbs was practically neglected. Yet, 
lower limb paralysis presents a significant 
problem. Millions of people worldwide suffer 
from this type of deficit caused by SCI and 
neurodegenerative diseases. Additionally, 
there is a sizeable population of lower limb 
amputees who may benefit from a leg 
prosthesis controlled through a BMI. 

The researchers at the Nicolelis laboratory 
were the first to test the possibility that 
kinematics of bipedal locomotion can be 
extracted from the primate cortex [28]. Figure 2 
illustrates the settings of this experiment. 
Rhesus monkeys were trained to walk bipedally 
on a treadmill. While the monkeys performed 
this task, neuronal ensemble activity was 
recorded from cortical sensorimotor areas 
representing the lower limbs. Monkey leg 
movements were tracked with video cameras. 
A BMI decoder was set to extract leg kinematics 
from the cortical modulations. The decoding 
worked well for both forward and backward 
walking.

Inspired by these results, Nicolelis and his 
colleagues founded the Walk Again Project, an 
international consortium for the development 
of the first cortically driven exoskeleton [2]. 
Nicolelis expects that such exoskeleton will 
restore mobility to patients suffering from 
various degrees of leg paralysis. A similar 
endeavor, called Mindwalker, started in Europe 
[59]. Additionally, Contreras Vidal and his 
colleagues proposed to drive a leg exoskeleton 

with EEGs. In support of this idea, they decoded 
gait kinematics from the EEGs recorded in 
human subjects walking on a treadmill [60].

In addition to cortically controlled BMIs for 
restoration of walking, there are alternative 
strategies based on the idea that locomotion 
can be induced by reactivation of the spinal 
CPG. Such reactivation was implemented 
in rats [61]. Locomotion was triggered in 
rats with spinal cord transections using a 
combination of epidural electrical stimulation 
with pharmacological effects of serotonergic 
agonists.

Perhaps in the future, a hybrid, cortico-spinal 
BMI will be tested with voluntary aspects of 
locomotion controlled by cortical activity and 
automated patterns generated by the spinal 
CPG.

Neuronal plasticity associated 
with BMI usage

Many studies have provided evidence of brain 
plasticity associated with learning to control a 
BMI. It has been suggested that such plasticity 
could eventually assimilate prosthetic limbs in 
the brain representation of the body [1,44].

BMI control of external devices has much 
in common with using a tool. In a famous 
experiment on cortical plasticity associated 
with tool usage, Iriki and his colleagues trained 
monkeys to reach toward distant objects with 
a rake [62]. After the monkeys practiced with 
this tool, neurons in posterior parietal cortex 
acquired visual receptive fields extending 
along the length of the rake. 

Long-term usage of BMIs could produce 
similar brain remapping, and several papers 
have already provided evidence for such 
plasticity. Neurons engaged in BMI control 
exhibit stronger modulations [63], changes 
in correlation with each other [6,29], and 
changes in directional tuning [27]. Additionally, 
cortical neurons have been shown to adapt to 
rotational transformation applied to a subset of 
neurons engaged in BMI control [64]. 

As a note of caution, quantification of 
neuronal adaptations to BMI control is not 
an easy problem because tuning of a single 
neuron to motor parameters depends on the 
BMI decoder parameters and activity patterns 
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of both the neuron in question and the other 
neurons in the population. This analysis is 
further complicated by the complexities of BMI 
decoders. For example, linear BMI decoders 
typically use more than twenty parameters per 
neuron, making the relationship between the 
decoder setting and conventional directional 
tuning curves very complicated. To complicate 
the situation even further, improvements in 
BMI-generated trajectories with training have 

an effect by themselves on the estimates of 
directional tuning. 

Noninvasive BMIs

Safety is an important consideration when 
choosing a BMI system. The safest, nonivasive 
BMIs, utilize sensors that sample neural signals 
without penetrating into the biological tissue. 
Many practical noninvasive BMIs have been 

developed, such as BMIs for communication, 
prosthetic control and wheelchair navigation 
[65-68]. Remarkably, severely impaired ‘locked 
in’ patients were able to communicate with the 
outside world using EEG based spelling devices 
[48,49].

EEG is the most common noninvasive 
method. EEG-based BMIs are categorized 
into two classes: independent (endogenous) 
and dependent (exogenous). In 

Figure 2. Extraction of locomotion kinematics from cortical ensemble activity. Neuronal ensembles were recorded in the sensorimotor cortex while monkeys walked 
bipedally on a treadmill. Blue curves represent actual movements tracked with a video tracking system. Red curves represent decoded movements. Adapted from Fitzsim-
mons et al. [28].
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an  independent  BMI, subjects voluntary 
modulate their brain potentials, for example 
by imagining their hands move. Several 
EEG rhythms are useful for this purpose: 
slow cortical potentials, mu (8–12 Hz), beta 
(18–30  Hz) and gamma (30-70 Hz) waves [4]. 
Adaptive decoding algorithms have been 
shown to improve accuracy of independent 
BMIs [69].

A  dependent  BMI requires an external 
source of sensory stimulation. Typically, stimuli 
appear on a computer screen. Such a BMI reads 
out subjects’ intentions from the differences in 
brain response to attended versus unattended 
stimuli. For example, a BMI based on visual 
evoked potentials (VEPs) detects stronger 
VEPs over the visual cortex when subjects 
look at a corresponding stimulus and attend 
to it. BMIs based on steady-state visual evoked 
potentials (SSVEPs) employ for this purpose 
visual responses to rapid periodic stimuli [70]. 
Several objects appear on the screen, each 
flickering at its own frequency. Subjects make 
selections by looking at one of the objects. 
P300 evoked potentials are employed in a 
similar way [71].

EEG-based BMIs have achieved many 
important milestones, such as control of a 
robot [72], wheelchair navigation [65], and 
control of hand orthosis [56,73].

A note of caution should be made about 
EEG artifacts. A survey of papers on EEG-based 
BMIs has revealed that EEG artifacts were not 
handled adequately in many studies [74]. This 
is troublesome for BMI applications because 
artifacts could be confused with neural signals 
and could be even used as informative control 
signals. Dependent BMIs are better in this 
respect because they are less sensitive to 
artifacts compared to independent BMIs. 

Electrocorticographic (ECoG) BMIs work 
similarly to the ones based on EEGs while 
offering a neural signal of better quality. This 
invasive method has better temporal and 
spatial resolution compared to EEGs, and is 
less sensitive to artifacts.

In addition to electrical potentials, 
magnetoencephalography (MEG) has been 
utilized in BMIs [75]. Weak magnetic fields 
generated by the brain are detected by very 
sensitive magnetometers, superconducting 

quantum interference devices (SQUIDs). The 
measurements are conducted in a magnetically 
shielded facility. MEG offers has better spatial 
and temporal resolution compared to EEG, but 
requires specialized recording settings.

Near infrared spectroscopy (NIRS) employs 
an infrared light that penetrates through the 
skull to detect changes in oxyhemoglobin 
and deoxyhemoglobin concentrations in the 
brain blood supply. NIRS-based BMIs have 
gained popularity [76]. This method allows 
measuring metabolic activity of the cortex with 
a spatial resolution of approximately 1 cm and 
temporal resolution on the order of 100 ms. The 
drawback is a considerable response delay of 
several seconds. 

Functional magnetic resonance Imaging 
(fMRI) is a powerful method for detecting 
hemodynamic responses in the brain. fMRI-
based BMIs have been implemented [76]. Their 
temporal resolution is 1-2 s, and the response 
lag is several seconds. The spatial resolution is 
excellent throughout the entire brain, which 
makes this method quite unique compared to 
other noninvasive approaches.

Sensory BMIs 

Sensory BMIs strive to repair neural circuitry 
that handles sensory information. Here, many 
sensory modalities could be approached with 
BMI methods: hearing, sight, touch, smell, taste, 
vestibular sensation, and proprioception.

Sensory systems are comprised of 
hierarchically organized areas that process 
information originating from peripheral 
receptors. The signals generated by sensory 
receptors are transmitted to the spinal cord 
and brainstem. From there, they flow to the 
higher-order areas: thalamus, cerebellum, 
cortex, basal ganglia. Neural representation of 
sensory information in cortical areas is often 
called a map or a homunculus – a little person 
with large hands and face, a small trunk and 
tiny legs [77]. 

Sensory impairments can range from a 
complete loss of sensation after damage to 
sensory periphery (e.g., blindness, deafness) 
to deficits that do not remove sensations 
completely, but rather affect higher-order 
components of sensory processing. For 

example, patients with lesions to visual 
cortex may have blindsight [78]. They do not 
consciously perceive visual stimuli (cannot 
see), but can still utilize visual information 
subconsciously.

Current sensory BMIs don’t go as far as 
trying to handle higher-order effects (and 
how can one repair the blindsight?). Their 
major focus here is neurological damage to 
peripheral sensors. Sensory BMI attempt to 
substitute damaged physiological sensors by 
artificial sensors. The latter are interfaced to 
intact sensory areas, usually using electrical 
stimulation as the method to evoke sensations 
[11,79,80]. Recently, optogenetic stimulation 
methods have been gaining popularity [81].

Sensory BMI approach is somewhat similar 
to the method called sensory substitution. 
In sensory substitution, an impared 
sensory channel is substituted by an intact 
physiological sensation, for example sensation 
from a different body part or a different sensory 
modality. In this manner, surrogate vision can 
be produced by a video camera connected 
to skin tactile display [82]. Note that sensory 
substitution relies on intact physiological 
receptors, whereas sensory BMIs employ 
artificial methods to evoke sensations. In some 
cases there is no clear-cut distinction between 
these approaches, such as in case of vision 
generated by electrical stimulation of the 
tongue [83,84].

Auditory prosthesis

Cochlear implant is the most successful sensory 
BMI developed to date [12,13]. Subjects who 
received these implants can recognize speech, 
distinguish between male and female voices 
and even perceive melodies. Bilateral cochlear 
implants can restore directional hearing. The 
implant consists of six parts: (1) an external 
microphone; (2) a speech processor that 
transforms the microphone signal into the 
stimulation pattern; (3) a transmitter that 
transmits the stimulation pattern through the 
skin; (4) a receiver/stimulator attached to the 
bone under the skin; (5) a cable running from 
the stimulator to the electrodes, and (6) an 
array of stimulating electrodes implanted in 
the cochlea.
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The implant applies patterned electrical 
stimulation to the parts of the auditory nerve 
which remain undamaged. The stimulating 
array serves to activate different parts of the 
nerve with different patterns. This stimulation 
strategy utilizes from 4 to 22 channels. Several 
types of stimulation patterns have been 
proposed. In the continuous interleaved 
sampling strategy, the microphone signal 
is split into frequency bands. A nonlinear 
function is then applied to convert a wide 
range of sound intensities into a narrow range 
of stimuli. Several other processing schemes 
have been implemented based on algorithms 
that continuously analyze the microphone 
signal and select the electrode for each frame 
of stimulation.

A brainstem implant has been developed for 
patients with severe damage to cochlea [12]. 
This device stimulates the cochlear nucleus 
through surface or penetrating electrodes. 
Several patients with this implants had low 
quality of sound recognition; for others the 
performance reached the benchmarks of 
cochlear implants.

Visual prosthesis

Current visual prostheses can restore simple 
visual sensations [85]. There are two main 
classes of such prostheses: 1) retinal, and 2) 
non-retinal prostheses. Retinal prostheses are 
intended for eye pathologies that spare parts 
of the optic nerve. Non-retinal prostheses are 
utilized when there is a severe damage to 
the optic nerve, so the stimulation has to be 
applied to visual areas of the brain.

Depending on the state of retinal 
degeneration, different types of retinal 
prostheses have been proposed. In the 
epiretinal implant, stimulation is applied 
to the layer of nerve fibers of retinal 
ganglion cells. The stimulation is produced 
by an intraocular electrode array (up to 60 
stimulation channels). The array transmits 
images from a video camera. The developers 
of these prostheses expect that eventually 
the camera and all other components will be 
implanted inside the eye. Patients implanted 
with this prosthesis perceive objects shape, 
brightness and motion direction.

The subretinal prosthesis applies electrical 
stimulation to the ganglion cells and bipolar 
cells. It incorporates an array of several 
thousand microphotodiodes, which sense 
visual stimuli and map them to an array of 
stimulation electrodes. This system is at an 
early stage of testing. 

In the transchoroidal prosthesis, about 
fifty stimulating electrodes are placed in 
the suprachoroidal space. The implantation 
surgery is simple compared to the other 
methods. Patients perceive phosphens and 
can discriminate simple images.

Non-retinal prostheses most commonly 
employ electrical stimulation of the visual 
cortex. Dobelle restored rudimentary vision 
in blind patients using an array of 64 surface 
electrodes placed over the visual cortex [24]. 

It seems reasonable to expect that better 
results will be obtained with intracortical 
microelectrode arrays.

Bidirectional BMIs

Sensorized or bidirectional BMIs simultaneously 
decode brain activity and deliver artificial 
sensory feedback to the brain. Figure 3 depicts 
a pioneering demonstration of a bidirectional 
by the researchers from the Nicolelis 
laboratory [86,87]. Monkeys were implanted 
with microelectrode arrays in the motor and 
somatosensory cortices. The motor cortex 
implants served to extract motor intentions. 
Artificial tactile sensations were produced by 
intracortical microstimulation (ICMS) delivered 
through the somatosensory cortex implants.

Figure 3. Schematic of the bidirectional BMI. In the motor loop, cursor position is extracted from motor cortical 
neurons. In the sensory loop, artificial tactile feedback is delivered to the somatosensory cortex as spatiotempo-
ral patterns of ICMS. Adapted from O’Doherty et al. [86].
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The authors called this bidirectional interface 
brain-machine-brain interface (BMBI). Aided by 
the BMBI, monkeys actively explored virtual 
objects with a cursor or a realistic image of the 
monkey arm (avatar arm). The virtual objects 
looked identical, but were associated with 
different artificial textures signalled by ICMS 
every time the avatar hand touched an object.

Conclusion 

In recent years, we have witnessed an 
explosive development of BMIs. The list of 
achievements in this research field is steadily 
expanding. BMI methods have been applied 
to arm movements and bipedal locomotion, 
somatosensory sensation, hearing and vision. 

Studies suggest that BMI controlled prosthetic 
limbs may become incorporated in the 
brain representation of the body. Although 
many BMI projects are still at the stage of 
laboratory research, scientists are confident 
that BMIs will be entering the clinical world 
and revolutionizing treatment of neurological 
conditions, which are incurable otherwise. 
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