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Abstract

Functional Near Infrared Spectroscopy (fNIRS) based Brain

Computer Interface (BCI) systems have grown in popularity

in the last years, and has shown itself as a useful tool in

developing portable and convenient BCI systems. The

purpose of this review paper is to highlight the recent

developments, applications, and challenges that research

groups have achieved in the field of fNIRS-BCI. We will

show how fNIRS can be paired with another modality (i.e.

EEG, fTCD, etc.) to drastically improve classification accuracy.

From there, we will discuss the recent achievements in

classification techniques researchers have had with fNIRS or

a combined fNIRS modality. Finally, we will look at how

fNIRS-BCI systems are used to enhance human-robot

interactions and assistive technologies. Throughout our

review paper, we will note challenges groups have had with

their studies, as to provide a framework for future research

topics for the fNIRS-BCI community.

Keywords fNIRS, Near infrared spectroscopy, NIRS, BCI,

Brain computer interface, Classification

INTRODUCTION

The research dedicated to functional near infrared spectroscopy

(fNIRS) has grown tremendously over the years as

researchers continue to push the limits of how fNIRS can

provide functional insight into the brain. Researchers have

realized the advantages of fNIRS such as portability, low

cost, noninvasiveness, and real time data acquisition to

administer many different brain studies [1]. A recent review

paper, dedicated to twenty years of fNIRS studies, is a

generous resource of where fNIRS research has been and

where it is going [2]. Fig. 1 from Boas et al. review paper

shows an eye catching statistic, that the number of fNIRS

paper has grown exponentially over the years. A specific

area that we believe this review paper glosses over is the

work being done for fNIRS-based brain computer interface

(BCI). As we will show, there is a lot of research and

development being done in this field. This review is intended

to highlight the recent developments and achievements in the

field of fNIRS-BCI. Most importantly, we have the intention

to gather issues that different research groups have had in

implementing fNIRS-BCI. By collecting current issues, we

hope to provide a framework to guide the future research

dedicated to fNIRS-BCI.

fNIRS is a noninvasive technique utilizing the optical

window of light and tissue interactions, between 700-

1000 nm, to provide hemodynamic concentration changes,

specifically in the case of oxyhemoglobin and deoxyhemoglobin

[3]. The relationship of oxyhemoglobin and deoxyhemoglobin

concentration in a stimulated brain can play an important

role of understanding how the brain works [4] and also how

to improve the fNIRS signal [5]. fNIRS has always been

particularly susceptible to interference such as motion artifacts,

global interference, and subject’s hair. Thus many statistical

procedures thus many statistical procedures have been

implemented to remove these issues [6]. It has been our

observation that many fNIRS measurements are taken at the

prefrontal cortex. The prefrontal cortex has the advantage of

being free of hair, easy to access [7], pivotal in the execution

of mental task [8] and a strong indicator of a user’s cognitive

or emotional state [9]. fNIRS systems can be developed in a
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time and frequency domain, or with a continuous wave

system. Many differences lie between the systems with an

important distinction being that continuous wave systems

can only acquire relative hemodynamic concentration

changes. That being said, there is a much larger prevalence

of continuous wave systems in brain research studies, due

to two reasons: the system’s simplicity in design and

construction, and the large number of commercial continuous

wave products available [10].

Countless research of fNIRS studies of the brain has

shown that this technique is more than capable of

understanding mental diseases in depth. Recently, fNIRS has

been particularly helpful in understanding illnesses such as

posttraumatic stress disorder (PTSD) [11], schizophrenia

[12], Alzheimer’s [13], and attention deficit hyperactivity

disorder (ADHD) [14]. Researchers have made significant

strides with fNIRS in identifying how disorders effect the

brain hemodynamics. Fig. 2 shows the hemodynamics of a

control group and a group with PTSD working through a

digit span task [11]. Figs. 2a and 2b shows an example of

hemodynamics of a healthy subject in a forward and

backward digit span task, respectively and Figs. 2c and 2d

show the contrasting hemodynamics for a subject with PTSD

in a forward and backward digit span task, respectively. The

graph shows the fluctuation of hemodynamics during the

three phases of working memory in order to execute complex

cognitive tasks: encoding, maintenance, and retrieval. The

important conclusion from these graphs is that subjects with

Fig. 1. Growth of fNIRS publications per year. Reproduced with
permission from Elsevier [2].

Fig. 2. (a) Mean hemodynamic changes for healthy subjects in a forward digit span task. (b) Mean hemodynamic changes for healthy
subjects in a backward digit span task. (c) Mean hemodynamic changes for subjects with PTSD during a forward digit span task. (d)
Mean hemodynamic changes for subjects with PTSD during a backward digit span task. The * indicates point on the graph in which the
hemodynamic changes are significantly different from baseline. The shaded area indicates standard error. Reproduced with permission from
Elsevier [11].
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PTSD show the most activity in the maintenance phase of

working memory and a dip in the retrieval phase. This is

compared to healthy subjects that have a strong peak around

encoding and retrieval. As we can see, these hemodynamic

changes are important in understanding how PTSD effects

the brain. While success for fNIRS has been developed for

these mental illnesses, it is the significant progress of fNIRS-

BCI that warrants our special attention.

BCI is the communication to the outside environment

through the use of neural signals. It is often used in order for

subjects to regain control of the environment around them,

even though they may not have the ability to do so [15]. BCI

is particularly helpful in achieving accurate communication

for subjects who are “locked in” with disabilities such

as amyotrophic lateral sclerosis (ALS) [16]. BCI systems

have been developed with modalities such as fNIRS,

Electroencephalography (EEG), Magnetoencephalography

(MEG), functional Magnetic Resonance Image (fMRI) [17]

or hybrid BCI systems such as fNIRS-EEG and EEG-ECG

[18]. Even though fNIRS has the limitation of only being

able to measure the slower vascular response of the brain [3],

it is our belief that its ease of use and portability makes it

ideal for fast commercialization of a BCI system. Fig. 3

shows an example of a commercialized wireless fNIRS

sensor to be used for brain functional studies. This is just an

example of a sensor that shows convenience and portability

that would make it ideal for a BCI system.

In order to understand the recent research of fNIRS based

BCI, we will look at research dedicated to the following:

fNIRS BCI systems, fNIRS BCI Classification, and fNIRS

for human-robot interactions (HRI) and assistive devices.

Finally, we make note of issues that recent published papers

had with their fNIRS-BCI studies, in hopes that this review

paper can serve as a central repository for unanswered

questions in the fNIRS-BCI research community.

fNIRS BCI SYSTEMS

One of the first fNIRS based BCI systems were employed by

Coyle et al. [19], which led further work in utilizing

the fNIRS signal for use as a “Mindswitch” [20]. The

Mindswitch paradigm or the simple classification of an

activated brain from Coyle et al. [20] is crucial in fNIRS and

EEG combined BCI system. As defined by Pfurtscheller

et al. [18], an activated brain is when the oxyhemoglobin

concentration change can be classified from a state different

than when at rest [18]. This implies that the user wants to

engage in the BCI system. Coyle et al. were able to achieve

high classification results but like many studies after it, their

results were limited by noise of the fNIRS signal and the

naturally slow hemodynamic response of the body. Since that

time, development of fNIRS BCI systems have improved.

There has been a development of a completely online

classification fNIRS BCI system [21]. There has also been

reports of fNIRS BCI systems successfully achieving brain

communication for subjects suffering locked in states (i.e

ALS) [22] and even outperforming EEG in classification

accuracy [23].

The development of fNIRS BCI has seen to be most

effective when combined with other modalities such as EEG.

The problem with sole EEG systems is that classification

Fig. 3. PortaLite Commercialized fNIRS System. Reproduced with
permission from Artinis Medical Systems (http://www.artinis.com/).

Fig. 4. Basic workflow of EEG and NIRS hybrid BCI System. Reproduced with permission from IEEE [24].
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becomes difficult with short training task epochs and that the

EEG signal is innately noisy and hard to discriminate

between a task and rest period [24]. The development of

these hybrid systems have begun with bulky EEG and fiber

based fNIRS systems [25, 26] to a more recently developed

fully integrated and wireless EEG-fNIRS system [27].

A general flow of fNIRS and EEG hybrid systems can be

seen in Fig. 4 provided by Tomita et al. [24]. By using

fNIRS, there is an overall improvement classification of

steady state visual evoked potential in the brain, and a better

discrimination of an active and inactive brain state [24]. This

active and inactive brain state is essentially the “Mindswitch”

paradigm mentioned before. The discrimination of an active

and inactive brain state with fNIRS and EEG classification of

imagery tasks has turned BCI illiterate users becoming high

performance BCI users [28]. Fig. 5 shows the improvement

of classification that Fazli et al. achieved between only the

EEG signal and classification with the EEG signal and a

hemodynamic response. The green diagonal line represents

equal classification rate between EEG and a combined EEG

and fNIRS signal. As we can see, most points lie above the

green diagonal, indicating better classification with EEG and

the fNIRS signal. The percentage on each graph indicate what

percentage of subjects saw an improvement in classification by

including the fNIRS signal. In addition, there has been

findings that fNIRS and the hybrid fNIRS and EEG system

has allowed for accurate self-paced BCI instead of relying on

cued tasks, a more realistic scenario for BCI use in daily life

[29, 30]. This shows the enhancements in classification that

hybrid BCI’s have made. They have transitioned from

experiments where the time of intended mental imagery task

Fig. 5. A comparison of classification accuracy for real and imagery movements, between EEG and EEG with a fNIRS signal The green
line marks an equal classification accuracy between the two. Points above the green line would indicate in an improvement of
classification accuracy when combining EEG with a hemodynamic signal. The p value indicates the level of significance between the
two classification, and the percentage represents how many subjects showed an improvement with combined EEG classification over
only EEG. Reproduced with permission from Elsevier [28].

Fig. 6. (a) NIRS source-detector arrangement. Detectors (A, B, C)
are solid circles. Source fiber (1, 2, 3, 4, 5) are represented by
open circles. The approximate location of the NIRS channel is
marked by an x. The location of FP1 and FP2 are denoted by * (b)
Image of custom NIRS-TCD probe holder. Reproduced with
permission from Elsevier [32].
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are known to systems that are more aware of the user’s

mental state and can discern changes in mental states at any

moment.

fNIRS and EEG BCI systems aren’t the only type of

hybrid fNIRS BCI system that is currently being developed.

fNIRS along with the inclusion of biosignals (i.e. ECG, skin

conductance response, and blood pressure) has been used to

improve the classification of motor execution tasks [31].

Another recent example by Faress et al. [32] has shown that

a combination of fNIRS and function transcranial Doppler

sonography (fTCD) was able to achieve higher linear

discriminate analysis (LDA) classification rate, from 76.1%

(fNIRS only) and 79.4% (TCD only) to 86.5% (fNIRS and

TCD), by combining the hemodynamic changes along with

blood velocity to indicate an activated and post activated

brain [32]. Fig. 6 shows the geometry of the fTCD and

fNIRS combined BCI system.

fNIRS BCI CLASSIFICATION

The work regarding fNIRS-BCI has shown that the concept

of classification will always remain a pivotal issue when

trying to develop BCI systems. In this section, we want to

highlight what type of work researchers have done in

classifying the fNIRS signal. We also want to show the

different techniques that have been used to improve the

accuracy or reduce the time lag that is associated with

classifying an activated brain with fNIRS. 

Besides just the “Mindswitch” classification of an activated

brain, researchers have recently been able to use fNIRS with

EEG systems to accurately classify executed movement that

distinguished between forward, backward, left, and right

movements [33]. Also, fNIRS has been able to differentiate

emotional/mental states [34] and a task’s degree of mental

workload for the user [7]. An interesting study looked at the

best mental tasks that give the best accuracy for classification.

Testing many different mental tasks, they had found the

combination of right hand motor imagery and mental

multiplication, along with the combination of mental

multiplication and mental figure rotation are both good tasks

for determining an activated brain [35]. The findings that

mental multiplication and arithmetic as an inducer of

discernable brain activity has been backed up by other

studies [36]. 

As we mentioned, the time lag from the vascular response

makes it difficult to develop a very responsive fNIRS BCI

system [20]. To combat this, researchers have been working

on detecting an activated brain sooner. By classifying using

the different features from the fNIRS signal (i.e. oxyhemoglobin

and deoxyhemolgobin, concentration, channel contrast to

noise ratio, signal history etc.), the fNIRS signal time lag was

reduced, but they did not obtain a consistent set of features

across subjects [37]. The acquisition of a “fast” fNIRS signal

remains an open question for fNIRS BCI. 

Another important topic in fNIRS BCI classification is

training. It has been shown that additional training leads to

stronger event-related desynchronization (ERD) brain signals

and better classification accuracy [38]. The paper, “Intersession

Consistency of Single-Trial Classification of the Prefrontal

Response to Mental Arithmetic and the No-Control State by

NIRS” (Power et al. [30]), sheds light on the many issues

when it comes to training. This includes training in the same

session versus different sessions and the optimal number of

training samples [39]. They observed that responses from

session to session varied due to factors such as fatigue and

motivation. However, task habituation did not have any

effect on the classification rates. Finally, the group has

shown that intersession classification is much better than

classifying from a different session (Fig. 7). Their conclusion

is that fNIRS classification is ultimately a trade-off between

convenience and accuracy. Higher accuracy can come from

a single session with plenty of training samples collected

before each BCI system use, however at the discomfort of

the user. It is our belief that this tradeoff of convenience

versus accuracy is not acceptable for a realistic fNIRS-BCI

to be implemented. More work must be done in order to

come to a better median between the two.

A key to enhanced classification may come from the

reduction of noise and global interference, a known issue

that degrades the quality of the fNIRS signal [34, 40]. One

solution to this is the use of a short and long distance

detector, also known as the “corrected NIRS signal.” The

short detector will only detect the global noise which can be

removed from the long distance detector to get a better

Fig. 7. Comparison of mean classification accuracy with the number
of samples in the training set. Source: Power et al. [39].
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estimate of the signal stemming only from the brain [41].

Research is continually being done to optimize the geometry

of the source and detector. It has been found that both single

and multichannel detectors are susceptible to added noise,

however measurement and processing methods involving

multichannel detectors were more robust in reducing the

noise in the signal [42]. Independent component analysis and

principle component analysis have also been successful in

removing the global interference noise that can be found in

the short detector [43]. However, the issue of global

interference and noisy signals will always remain at the

forefront of fNIRS studies and enhanced methods need to be

continually developed in order to remove fluctuations from

the scalp, and cerebral spinal fluid.

fNIRS FOR HUMAN ROBOT INTERACTION AND

ASSISTIVE DEVICES

In this section, we will discuss a few of the recent examples

of the application of the fNIRS signal. Besides classifying

imagined or executed tasks, the fNIRS signal can be applied

to enhance HRI and assistive driving devices. Human robot

interaction and fNIRS is a rapidly growing research area, as

researchers use the functional changes of the brain to

understand and enhance user experience with robots,

especially for mental rehabilitation purposes [44]. Recently,

through fNIRS and EEG signals alone, developers have

enabled control of a humanoid robot [45]. To pinpoint the

activation of the brain during external stimuli, researchers

have looked at the subject’s brain response when a robotic

hand is moved [46], which could be important in neuro

rehabilitation. 

The application of fNIRS signal for human robot interactions

or the more generalized human computer interaction (HCI)

has had its share of issues. Strait et al. [34] had found that

fNIRS’ motion artifacts and lack of robust signal processing

method interfered with their ability to accurately enhance

HCI [34]. For example, for tasks lasting longer than one

minute, the activation could not be differentiated from the

rest time. Finally, it has been found that the fNIRS signal

could not return to a normal or pretask state after stimulation,

which created a very unreliable signal [34]. This implies that

the fNIRS signal may not be well equipped to classify a

subject who is undergoing many different tasks. Both of these

scenarios: highly varied tasks and long task times, greatly

degrades the fNIRS signal even though they are likely

scenarios that users may encounter. 

There also has been work in using fNIRS to communicate

to driving assistance devices. Research has been done to

interpret the brain activity of senior citizens during car

driving, in order to understand brain activity patterns based

on human movements. They were able to have results

relating activation of specific parts of the brain to movement

perception during driving tasks. This study has achieved

promising results and bolsters the hopes of using fNIRS for

a driverless car or a system that can aid the task of driving

for senior citizens [47].

SUMMARY

The intent of this review paper was to show the recent

developments and applications for fNIRS BCI. The portability

and convenience of fNIRS gives it tremendous potential of

being a way for implementing BCI systems for the masses.

Previous works in fNIRS have shown the ability to provide

detailed functional changes of the brain and to help in the

understanding of brain disorders [11-14]. BCI systems are

the next logical step for fNIRS in utilizing the functionality

of the brain in order to communicate with the outside

environment. A good example of a real life BCI system is

one that is self-paced, rather than cued [29]. In addition,

hybrid fNIRS-EEG BCI systems have improved classification

results and have turned illiterate BCI users into well

performing users [18, 28]. As our examples of fNIRS BCI

systems have shown, there has been tremendous progress

since Coyle et al. [19] work and fNIRS is now a feasible

BCI solution.

This paper has provided many examples of fNIRS BCI

systems that have been able to recognize the user’s mental

state and whether a brain is active. However, there are still

many open issues left in the fNIRS community. In our

opinion, there should be additional research for online

systems that are more focused on self-paced BCI paradigms,

and optimization of the fNIRS signal to reduce time lag and

noise. However, the fNIRS signal is degraded with long task

times and task variability [34] which is a realistic situation

for BCI. To target these issues, we must continually improve

fNIRS signal processing methodology. The fNIRS signal can

tell a lot about the functional changes of the user [5] and has

a large feature space to work with [37], yet we have found

few publications that utilizes all the information fNIRS has

to offer. It is also our belief that the “fast” fNIRS signal, or

early detection of the activated brain state of the user, can

greatly improve the reliability and pragmatism of fNIRS BCI

to be implemented for disabled patients. From our research,

we believe a “fast” fNIRS signal can be achieved by the

optimization of the signal feature space paired with the right

mental tasks and training sessions [35-37]. Optimization in

this area will be crucial in order to develop a more robust

fNIRS BCI system.

Finally, the issue of fNIRS-BCI user training is remains a

largely unanswered and interesting question for the BCI
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community. As it is well known, BCI training is critical in

high performance BCI systems, but how a user is trained is

widely varied and often cumbersome to administer. The

work trying to understand and optimize training for fNIRS

BCI has shown that it is ultimately a dispute of convenience

versus accuracy [39], with no happy solution. It would be

ideal to have a lot of training data to improve classification

accuracy, however it comes at the inconvenience of the user.

Understanding and perfecting the fNIRS training period will

be a critical step in the development of fNIRS BCI, and we

predict that more work will be done in this area. 
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