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Abstract

Functional Near Infrared Spectroscopy (fNIRS) is gaining momentum as a functional neuroimaging modality to in-
vestigate the cerebral hemodynamics subsequent to neural metabolism. As other neuroimaging modalities, it is neur-
oscience’s tool to understand brain systems functions at behaviour and cognitive levels. To extract useful knowledge
from functional neuroimages it is critical to understand the series of transformations applied during the process of the
information retrieval and how they bound the interpretation. This process starts with the irradiation of the head tissues
with infrared light to obtain the raw neuroimage and proceeds with computational and statistical analysis revealing
hidden associations between pixels intensities and neural activity encoded to end up with the explanation of some
particular aspect regarding brain function.To comprehend the overall process involved in fNIRS there is extensive
literature addressing each individual step separately. This paper overviews the complete transformation sequence
through image formation, reconstruction and analysis to provide an insight of the final functional interpretation.
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1. Introduction

Neuroimages are either structural (anatomical) or
functional (metabolic) images of the nervous system
with special interest being those focusing on the brain.
The term neuroimage encompasses different modalities
of images formed from a range of physical processes
whether electromagnetic e.g. [1] or mechanical e.g. [2].
Optical neuroimaging are the subset that exploits light
for imaging the brain and its function, an endeavour that
can be attempted in several fashions as exemplified in-
vivo by optogenetics [3], or ex-vivo by see-through brain
techniques such as CLARITY1 [4] or Stimulated Emis-
sion Depletion (STED) nanoscopy in neuroscience [5].
Here we focus our description on the in-vivo brain im-
ages generated from diffuse optics.

Brain functional information can be observed through
different constructs; metabolic (directly), electro-
physiological and hemodynamic. Functional Near In-
frared Spectroscopy (fNIRS) neuroimaging, indirectly
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senses the hemodynamic changes subsequent to neural
activity. fNIRS for in-vivo brain function investigation
[6, 7] is a versatile neuroimaging option that in general
offers a good compromise between temporal and spatial
resolution [8]. To elucidate brain function using fNIRS
obtained from the processed data of a set of photode-
tectors it is of utmost importance to be acquaintance
with how the diffuse optical neuroimage encodes the in-
formation related to the brain function. On this process
each transformation on such data retrieves relevant in-
formation under particular assumptions which produces
boundaries and limits the final interpretation.

On this paper an overview on how to obtain brain
activity using diffuse optics. Specifically surveys
the information path to decipher brain function from
neuroimaging fNIRS recordings in order to make accur-
ate interpretation. A quick overview on the fundament-
als of fNIRS can be found in [9, 10, 11, 12, 13, 8, 14]
further permitting a historical perspective. For an ex-
cellent compilation of the early stages of image form-
ation and reconstruction in biomedical optics we sug-
gest [15]. Excellent as they are, none of these however
travel through the full lifecycle of information as this
overview.

The information path can be mathematically ex-
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pressed as a succession of transformations across spaces
re-expressing the information each time one step closer
to expert knowledge. The transformations chain that
neurological information undergoes from its metabolic
origin until it is decoded by the neuroscientist is sum-
marised in Figure 1. This path starts on a radiation
source and ends up at the knowledge space, and can
be expressed as a composition of functions. For sim-
plicity, the roadmap of transformations is presented as
a sequential process, but the actual journey may actu-
ally take some loops. The specific choice of transforma-
tions is somehow arbitrary admitting further detailing or
coarser progression. Ideally, the transformations among
the spaces will be mappings i.e. continuous and dif-
ferentiable, guaranteeing that the algebraic structure is
maintained and thus information topology is preserved,
but this may not always be possible e.g. disambigu-
ation of metamerism. Regardless, achieving appropriate
interpretation requires careful consideration of all the
transformations applied and new knowledge has to be
bounded by the assumptions made in eachstep.

Figure 1: Schematic roadmap for fNIRS neuroimage interpretation.
The greek letters identify the different informationspaces. A space
is a set (collection of information) with an algebraic structure (set of
operations or functions). Spaces contain information and transforma-
tion functions project information to the same (internal operation) or
a different space (external operation). Different transformations re-
late one information space to another to complete the journey from
the radiation source to the generation of knowledge. Each step can be
mathematically formulated as a function between these spaces. The
dashed line suggests that the image space is often a subspace of the
histophysiological parameters space. The system dynamics varying
with time T is “ghosted” for clarity.

2. Metabolic activity of the neuron, brain organiza-
tional principles and physico-chemical rules

Anatomically, the brain is one of the organs of the
central nervous system (CNS) [16, 17] conformed by
a complex network [18] of approximately 86 billion
neurons and over 1014 connections among them [19].
Cytoarchitectonically many regions can be differenti-
ated in the brain [20]. The histological differentiation
of the cerebrum - part of the forebrain - into gray and
white matter is of relevance for fNIRS. The gray mat-
ter contains the mayority of the neuron’s somas and is
where most information processing occurs, including
cognitive processing. fNIRS neuroimage is confined to
this cortical surface. In contrast, white matter is mainly
composed of axons and its primary function is informa-
tion transfer [21], encoded in an electrical signal.

The processing and transfer of information through
neurons, i.e. brain function, is a metabolic process de-
manding energy that the neuron obtains from breaking
glucose using oxygen [22]. Brain function is the re-
flection of the processes of gene expression and protein
synthesis governing the neuron’s life [23], the catabolic
and anabolic paths for energy storing, transport and re-
lease [24], the chemiosmosis permitting neuron respir-
ation [25] and ultimately the glucose consumption and
oxidative metabolism [26, 27]. A neuron is active if it
presents an electrical activity known as action potential
[28, 29].

A complex vascular system irrigates the brain with
blood, critically providing the oxygen and glucose
needed for activity [30]. The neurovascular coupling
phenomenon [31, 32, 33] explains the cerebral hemody-
namics subsequent to local brain activity. Such hemody-
namics is described in terms of the cerebral blood flow
(CBF), cerebral blood volume (CBV), oxygen fraction
extraction (OEF) and cerebral metabolic rate of oxygen
(CMRO2) [34] . Each one of these parameters have their
regional or local and their global expression and de-
scribe the changes in the amount of oxygen in the blood
irrigating the neurons and thus ruling the concentration
of hemoglobin in its oxygenated (HbO2) and reduced
(HbR) species [35] observed by fNIRS. The informa-
tion processing occurring at the gray matter level. The
associated local hemodynamic changes ocurring in the
vascular network are the sources of the fNIRS signal.
The goal is to isolate and enhance this process during
analysis. The neurovascular coupling is a non-linear
process both temporally and spatially which further dif-
ficults the information pathway.

Brain function abides by the principles of segregation
and integration [36]. Segregation refers to the fact that
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each region of the brain is able to carry out one or a few
independent specific tasks. Integration refers to the col-
laboration among the different brain regions to achieve
more complex tasks through communication between
them, known as brain connectivity [37]. Connectivity is
commonly studied at three levels: structural, functional
and effective. Structural or anatomical connectivity is
mostly studied in vivo by means of diffusion weighted
MRI [38]. Functional connectivity or non-causal co-
activity, and effective connectivity or causal are stud-
ied by means of functional neuroimaging [39]. Asso-
ciated to the conectivity is the brain plasticity. Brain
plastic capabilities refers to the connectivity patterns at
any level. Its dynamic [40] requiring longitudinal ob-
servations to determine whether Hebbian (activity de-
pendent) or non-Hebbian (stabilization driven) synaptic
changes ocurr [41]. In general neuroimages provide
support for experiments addressing both types of neur-
oscientific questions: segregational or integrational.

Optical diffuse neuroimages can be obtain either dir-
ectly through the so called fast optical signal [42, 43,
44, 45] or indirectly through the evoked hemodynamics
[46, 47, 48, 49]. The observation of brain activity by
optical diffuse methods means is further hidden by sys-
temic components [47, 50, 51, 52] which is the baseline
biological activity keeping the body alive. The systemic
effect is an umbrella term including the cardiac rhythm
[35], the circadian rhythm [53], or cerebral autoregula-
tion among others [54].

3. Image formation and acquisition

Image formation in fNIRS is the physical process by
which irradiated light interacts with tissue in turn encod-
ing brain activity. This can be expressed mathematically
as ( Eq. 1 ):

f f orm,x : Λ̃,Π→ Λ (1)

where the transformation f f orm,x goes from the space
of the light source (Λ̃) and the space of histophysiolo-
gical compounds (Π) to the emission space (Λ), as de-
picted in figure 1,. The information encoding associated
to brain activity can be sensed either directly or indir-
ectly at a given detection locations x upon tissue illu-
mination. We measure alterations of the optical proper-
ties induced by different physiological parameters [14].
Note that x represents the location of the channel in-
stead of the photodetector location. In other word, x
is associated to the nominal location of the tissue por-
tion being sensed determined by the source-detector po-
sitions. The physical process involved is radiation trans-

port [55, 56, 57, 58];radiation is transported through the
tissue altering the spatial distribution of the scalar field.

The formation of an image f f orm,x requires two basic
elements [59]: (i) a radiation source radiation I0,x̂(t, λ),
where x̂ is the position of the radiation source, t the time
and λ the wavelength and (ii) a medium through which
that radiation propagates exhibiting spectral remittance,
Rx(λ) ∈ Λ as function of its composition π ∈ Π. In the
case of fNIRS these composition refers to the biological
tissue of the human head and its histo-physiology.

Image acquisition determines the encoding of a scene
into an image. This is expressed as a transformation
from the emission space (radiation leaving the tissue) Λ

to the image space I defined by the sensors:

facq,x,θk,x : Λ→ I (2)

During the image acquisition an arrange of
wavelength dependent photodetectors Θ = {θk,x}

capture the exiting radiation which is inverse propor-
tional to the concentration of chromophores along the
optical path associated to x. Each of these sensors
detects the light at a given wavelength with quantum
efficiency Fθk,x (λ).

After image acquisition and formation, the photode-
tector θk,x(t) collects light at time t, according to Eq. 3:

θk,x(t) =

∫
I0,x̂(t, λ)Rx(λ)Fθk,x (λ)dλ (3)

Raw optical images are hence three dimensional
tensors I(T,X,Θ) in time T , space X and optical re-
sponses Θ = {θk,x} in a given wavelength range λ ∈ Λ.
Each element of the tensor is a function yielding the
pixel value θk,x(t). This tensor is represented in Figure 2.

In the digital era acquisition is followed by digitiza-
tion. It involves the processes of sampling and quantiz-
ation [61], that is mathematically expressed as a com-
position of two functions:

fdigit = fquant ◦ fsamp,θk,x (4)

where fsamp,θk,x is the sampling function for the given
sensor and fquant is the quantization function. Some
common choices for these functions are illustrated in
Figure 3.

Many factors diminish the quality of the image [62]
and limit the different temporal, spatial, spectral and ra-
diometric resolutions [63]. Some are physical such as
Abbe’s limit [64], that indicates the resolution limit im-
pose by diffraction, and that governs the point spread
function [65, 66]. However for fNIRS now days the
sensing geometry is the most important limiting factor
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Figure 2: fNIRS neuroimage three dimensional tensor I(T,X,Θ). T
is the temporal component for either instantaneous events or dynamic
processes. X is the spatial component collapsing all spatial dimen-
sions of the Euclidean space of the scene. Θ describes the detector
array response. X represents either topographical (2D) or tomograph-
ical (3D) images. Whenever the sensors are not arranged in a lattice
they are referredas channels. Detector array positioning obey a partic-
ular imaging modality [60]: reflection or backscattering, transillumin-
ation or emission, or mixed as in coaxial or tomographic, both criteria
perhaps imposed by the imaging modality. Cutting planes permits
temporal, spatial and signal specific views and accordingly appropri-
ate subsequent analysis.

a)

b)

Figure 3: Image digitization fdigit = fquant ◦ fsamp,θk,x . Following sens-
ing with the photodetector, the output electrical current is digitized, a
process which involves sampling and quantization. a) Three common
different sampling schemes fsamp,θk,x b) A classical step function for
quantization fquant converting sampled sensor outputs to discrete di-
gital values.

for spatial resolution images. Nevertheless high dens-
ity diffuse optical tomography already offer at cortical
depth exceptional resolution to the naked eye [67].
Other limiting factors are of biological origin such as

the aformentioned systemic effect [51] or distortion pro-
voked by heating [68]. Some are mechanical such as in-
strumental limits [69, 13] but these are continuously be-
ing pushed forward. In this regard, the latest wearable
fNIRS devices incorporate features such as broadband
illumination and sensing and the short-distance channel
[70] to alleviate the extracerebral systemic influence us-
ing spectrally resolved spectroscopy [71] and becoming
fibreless [72], or by obliquely reorienting fibers [73].
Some are environmental such as the movement of the
tissue with respect to the sensors [74] or the reaching of
ambient radiation to the sensor [62]. Some factors have
numerical origin, such as the necessary discretization
during sampling and digitization [61]. Finally, some
may be demographic, such as the different concentra-
tion of chromophores and pigments in different races
affecting the optical signal [75].

Diferent solutions improve image sensitity and res-
olution. Boas et al [6] summarise some of these: op-
timal selection of wavelengths [76, 77, 78, 79] to min-
imize random and systematic error propagation in the
calculation of the hemoglobin concentrations, filtering
of systemic physiological signal clutter to improve sens-
itivity to the hemodynamic response to brain activa-
tion [51, 80, 81, 82, 83], implementation of overlap-
ping measurements during acquisition to improve image
spatial resolution and uniformity [84, 85, 86, 87, 88],
and the use of a priori spatial information from struc-
tural and functional magnetic resonance to reduce par-
tial volume error [89, 90].

3.1. fNIRS forward modelling
fNIRS in either topographical [91] (2D) or tomo-

graphical [92] (3D) images of the tissue being imaged
irradiates infrared light into the tissue and senses the
exiting radiation after it has interacted with the tissues.
The emissors and detectors are placed directly over the
head and paired in channels. Detection is often per-
formed using multiplexation a lock-in techniques. In the
temporal doamin we can obtain static or dynamic im-
ages. Static refers to measuring the amount of scatter-
ers through light extinction. Temporal dynamic meas-
urements measures the motion of scatterers by elec-
tric field temporal autocorrelation function. The former
exploits diffusion absorption spectroscopy and may be
realized by irradiating tissue with three major spectro-
scopic schemes [93]. Static measurements are divided
in continuous wave (CW) [31, 13], frequency domain
[45] and time resolved [94]. Dynamic techniques are
known also as diffuse wave spectroscopy techniques
and may be realized by diffuse correlation spectroscopy
[95].
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In absorption spectroscopy, elaborated forward mod-
els solve different approximations of the radiation trans-
port equation (RTE). These may be deterministic such
as diffusion theory [55] or stochastic such as Monte
Carlo based [96, 97, 98]. The computational imple-
mentation of the forward modelling with these methods
involves the definition of a structural model of the tis-
sues and the specification of optical properties for each
tissue type for a set of wavelengths of interest. An ex-
ample of forward modelling with Monte Carlo simula-
tion of light propagation is shown in figure 4 in a mesh
model of the human head.

Figure 4: Left: An anatomical model of the adult human head based
on a mesh showing its different tissues. Right: example of radiation
propagation through the tissues of the head. A set of optical properties
are assigned to every tissue which dictates the light propagation in the
image formation process.

In the most basic scenario using CW modality and
assuming perfect quantum efficiencyFθk,x (λ) = 1, atten-
uation is assumed to be the consequence of the altera-
tion on the concentration of HbO2 and HbR [8, 14] and
expressed using the ubiquitous modified Beer-Lambert
law [99, 100, 101] (Eq. 5).

θk,x : I(λ, t) = I0(λ, t)eµa(λ)·d·DPF(λ)+G

⇒ OD = ln
(

I(λ, t)
I0(λ, t)

)
= µa(λ) · d · DPF(λ) + G (5)

where I0(λ, t) is the light irradiated to the tissue char-
acterizing the Irradiation Space Λ̃, I(λ, t) is the intensity
leaving the tissue (i.e. encoded in the Emission Space
Λ), d is the interoptode distance, DPF(λ) is the differ-
ential pathlength factor, G accounts for the (constant)
complex geometry, µa(λ) is the macroscopic absorption
coefficient, and OD stands for optical density and it is
the ratio of exiting radiation with regards to input radi-
ation. The unknown variable is µa(λ) as the tissue com-
position is ignored (which is precisely the task of recon-
struction!). The µa(λ) is linearly approximated from the

histophysiological parameters specific extinction coeffi-
cients εp(λ) and their corresponding concentrations cp

plus some additional background macroscopic absorp-
tion µa,bkg(λ). When probing the cortex, d corresponds
to an interoptode distance of approximately 3cm for
adults [62] and 2cm for babies [102]. The DPF(λ)
[103, 77] accounts for the average extra length covered
by the photons while travelling through the tissue due
to scattering. Under the assumption of scattering being
constant between two samples, it permits decoupling the
scattering effects. Other than µa(λ), G is the only other
term which is not known in the above equation.

4. Image reconstruction

Image reconstruction is the inverse process with re-
spect to image formation [104, 105]. Image formation
is dictated by physics; radiation is transported from the
tissue to the sensors and in its trip encodes the physiolo-
gical information of interest. Reconstruction is a math-
ematical process. It is represented as by (Eq. 6):

f̃ −1 : I → Π̃ (6)
It takes the information from the (digitized) sensors

output I(T,X,Θ) = f̃ (T,X,Θ) and estimates a set of
physiological parameters P ∈ Π̃, where f̃ ∼ fdigit ◦

facq,x,θk,x ◦ f f orm,x. The reconstruction process yields the
familiar neuroimage that is function of physiological in-
formation Y(T,X, P) by means of solving an ill-posed
inverse problem as schematically depicted in Figure 5.
Well posed problems in the Hadamard sense have an
unique solution and this solution varies smoothly with
the changes in the input. Ill-posed problems are those
which may not have a unique solution because they vi-
olate the Hadamard assumptions. In fNIRS, the solution
certainly exists since the tissue certainly has some spe-
cific optical, mechanical, and geometrical properties re-
sponsible for the observations. However, the solution to
the inverse problem is not necessarily unique. This am-
biguity solution is present in other cases, for example in
metamerism [106, 107] illustrated in Figure 6. This am-
biguity decreases the conditioning number of the Jac-
obian or sensitivity matrix that captures the (marginal)
relations between the sensed data with respect to the
variations of the parameters of interest bringing it closer
to a zone of singularity.

Computationally, the solution of the image recon-
struction problem is centered in alleviating these numer-
ical instabilities. In one simple approach, the perturba-
tion method [104], the solution vector with the paramet-
ers of interest is expressed from a nearby point and us-
ing Taylor series. Discarding the terms beyond the first
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a)

b)

Figure 5: The image reconstruction process. a) The physiological in-
formation of interest is retrieved from the raw measurements through
reconstruction, b) but the non-linear and noisy nature of the image
formation render an ill-posed problem demanding regularization.

a)

b)

Figure 6: Metamerism, originally defined as the appreciation of the
same color, was later generalized to the inability of a system to dis-
tinguish two different inputs [107]. It is the consequence of the inher-
ent reduction in the dimensionality of the observed space imposed by
the image acquisition process. a) Case I: The most common whereby
two different spectral intensity distributions cannot be distinguished at
sensor space, b) Case II: A less likely occurrence of the same output
spectral intensity distribution from two different hystophysiological
distributions.

derivative (that’s the Jacobian), the reconstruction prob-
lems reduces to the calculation of the Jacobian. Since

this is unstable for the reasons mentioned, regularization
approaches are necessary [108, 109]. Perhaps the most
common regularization approach in image reconstruc-
tion is Tikhonov [110] that in its most used form upsets
the main diagonal of the matrix (like in the Levenberg-
Marquardt method [108]). However, in the general case
Tikhonov regularization upsets other elements of the
matrix. A particularly useful approach to regularize the
hypersensitivities often observed in regions near the op-
todes is to consider a spatial regularization factor [111].
The computational efficiency of the regularized recon-
struction is also critical for real-time imaging [112]. To
account for source and detector optode losses, calibra-
tion strategies can also be used [113, 114, 115].

Many fNIRS studies obviate these hinders posing re-
latively naive reconstruction solutions. In continuous
wave fNIRS, reconstruction often involves simply solv-
ing a very simple system of equations generated differ-
entially by forward modelling in terms of the modified
Beer-Lambert law [99, 116, 101]. In the simplest case, n
differential equations (for removal of the geometry term
G) are formed at n acquisition nominal wavelengths
λ1, . . . , λn. The changes in the unknown values ∆yn cor-
respond to the changes in parameter pn, and can be re-
covered according to Eq. 7:


∆i(λ1)
∆i(λ2)
...

∆i(λn)

 =


εp1 (λ1) εp2 (λ1) . . . εpn (λ1)
εp1 (λ2) εp2 (λ2) . . . εpn (λ2)

...
...

. . .
...

εp1 (λn) εp2 (λn) . . . εpn (λn)



∆y1
∆y2
...

∆yn


(7)

Eq. 7 relates the raw image in the sensor output space
I with the functional neuroimage in (neuro-)image
space Π̃, Y = f̃ −1(I). These approximations are not ex-
act solutions to the radiation transport problem in bio-
logical tissue. This naive reconstruction ignores aspects
such as inelastic multiple scattering or polarization, and
further introduces new sources of errors e.g. cross talk
[117, 118]. It is thus necessary to optimally select the ir-
radiation and sensing wavelengths [76, 77, 78, 79, 119]
as aforementioned. It corresponds to the researcher
to decide whether the error of a certain reconstruction
strategy is acceptable or he needs more aggressive solu-
tions. A wide range of other techniques are available to
address the image reconstruction process, for example,
gradient-based or Newton-like methods [104, 120].

5. Image processing, analysis and interpretation

The analysis process g : Π̃→ K, g = gu ◦ga ◦gp( f̃ −1)
can be though in three levels; processing gp : Π̃ → Π̃,
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analysis ga : Π̃→ Σ and understanding or interpretation
gu : Σ→ K, with the limits between levels being fuzzy.

Processing, refers to those image transformations that
result in another image with information of the same
nature -the transformation codomain is the same as the
domain-. The goal is often the separation of the neur-
osignal of interest from background noise [121, 52,
122]. In fNIRS, a typical processing flow as the one
illustrated in Figure 7 may aim at correction of sys-
tem drift through detrending, attenuation of systemic
influence by means of decimation and boosting signal-
to-noise ratio via averaging. Other traditionally relev-
ant processing for fNIRS is the alleviation of optode
(or body) movement artefact which has been attemp-
ted by different means [123, 74, 124, 62]. For example,
the work of Scholkmann et al [125] presents a method
to reduce movements artefacts by spline interpolation.
Spatial and temporal processing often complement each
other [126, 127, 128]. The term pre-processing is some-
times used interchangeably but most times is confined
to refer to processing occurring before reconstruction.

Figure 7: A typical fNIRS processing sequence. Literature is abund-
ant on more aggressive signal processing for fNIRS data, but moder-
ation on the signal processing is advisable as every processing trans-
formation involves assumptions and compromises that should be ac-
counted for during interpretation.

A processing transformation that deserves special at-
tention is registration. Registration, alignment or pro-
jection of functional neuroimages over the brain ana-
tomy allows accurately establishing the brain region
where brain activity is occurring [129]. The registration
operation is central to functional neuroimage analysis
permitting the comparison of activity across a cohort of
different individuals or longitudinal expressions among
others. fNIRS lack a structural counterpart and has to
look for alternative solutions; whether projecting to a
structural image acquired with other modality, mostly
structural magnetic resonance imaging [130], assuming
standard positions which probabilistically project over a

given cortical location [129] or with virtual projections
[131].

The second level of analysis is the ambiguously
called analysis itself where the transformation codo-
main does not match the input domain. Further, when
the term pre-processing is used, this level is often re-
ferred to as processing. This second level transform-
ation of the information extracts descriptors from the
neuroimage. The output might still be confined to a
tensor of the same size of the input, however this out-
put is not an enhanced version of the input but distinctly
represent different information whereby the semantics
of the information has been altered. Common gen-
eric neuroimage analysis operations include descriptive
statistics, blind source separation including factor ana-
lysis, principal component analysis [132] or independ-
ent component analysis [133], manifold learning and
embedding approaches [134] and transforms such as
Fourier [135], or wavelets [136, 137] among others, all
of which have been used in fNIRS. In fNIRS, analysis is
often targeted at revealing segregational or integrational
activity. Associative descriptors are expressed in terms
of (regressive) relations with neuroscientific variables of
interest. Analysis approaches can be coarsely split into
hypothesis-driven or data-driven depending on whether
the hypothesis (model) is imposed a priori or a posteri-
ori. Common operations to decode activity include re-
gressions, most times in the form of the general linear
model (GLM) [138, 139], correlations [122], frequency
coherence [140] and wavelet coherence [137], statistical
inference [141] among others. The GLM is described in
Eq 8, where yθk,x ∈ RN are temporal samples, εθk,x ∈ RN

denotes the noise, X ∈ RNxM is the design matrix and
βθk,x ∈ RM is the response signal strength.

yθk,x = Xβθk,x + εθk,x (8)

In neuroimages, the GLM based statistical parametric
mapping (SPM), originally developed by Friston [142]
and later imported to fNIRS [143, 138], has reached a
status of de facto gold standard for segregational ana-
lysis, but the classical ”task minus baseline” approach
remains popular [144]. This later can be summarised in
a channel-wise matrix of activity (see Figure 8). These
two analysis provide concurrent, but not equal, estim-
ation about the underlying brain activity as exempli-
fied in [145]. An excellent review on the analysis of
fNIRS can be found in [141]. For integrational ana-
lysis, graph theory is becoming highly popular for func-
tional connectivity in neuroimages [18, 146] and has
also been used in fNIRS [147], whereas dynamic causal
modelling [148] is quickly surpassing structural equa-
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tion modelling [149] as the most common choice for un-
derstanding effective connectivity in neuroimaging [39],
and similarly an fNIRS version has already been de-
veloped [144]. Emerging alternatives to these models
are topological techniques, based on manifold learning
[134] or Bayesian approaches [150, 151, 152]. The ana-
lysis operation is not necessarily applied along one di-
mension (temporal, spatial or signal) at a time, but in-
terestingly across two of them or all of them at once. A
variety of software is now freely available for fNIRS
neuroimages processing [143, 153, 126] and analysis
[143, 138, 154].

Figure 8: A matrix of channel-wise activity obtained during ana-
lysis (generated with software tool ICNA [154]). The activity mat-
rix provides an statistical comparison between values observed during
task periods against values observed during baseline periods. Rows
represent experimental sessions and conditions and columns repres-
ent individual channels. Color indicates statistical significance (++/-
-) or trend (+/-) of the behaviour of both hemoglobins.

Finally, interpretation of the neuroimage is presen-
ted in the languaje of the expert analysing the image.
Ideally interpretation of functional neuroimaging are
meant to produce models explaining functional pro-
cesses [155, 148, 156, 157]. This task proves dificult
because true causal modelling imposes many challenges
still unresolved [158]. Furthermore, interpretation is
confined to all the assumptions and/or constraints used
in the brain activity reconstruction process. This in-
cludes all those from the statistically rigorous form-
alization of experiment design process and data har-
vesting [159, 160], the administration of stimulations
(block or event related), image formation and recon-
struction, as well as those arising from the previous pro-
cessing and analysis steps. A fundamental element of
this puzzle is the model of response function. The re-

sponse function is a mathematical description of the ex-
pected neuroimaging signal spatiotemporal distribution
following stimulation. For other neuroimaging modal-
ities it may represent an idealization of the action po-
tential. For fNIRS it takes the form of an hemodynamic
response function [35, 161, 139, 137] that is sometimes
convolved with the neural kernel [144]. This hemody-
namic response function is known to be non-linear [162]
and varies with age [163]. Any extrapolation beyond
the boundaries imposed by these assumptions and con-
straints lacks scientific foundation. Moreover, any in-
ference about neuronal activity has to be circumscribed
to the specific localization of such activity, inherently
affected by partial volume effects [90]. Interpretation
benefits from residual analysis and explicit mention of
confidence intervals. In other scientific domains, know-
ledge representation tools [164, 165] such as knowledge
discovery and data mining [166], ontologies [167], or
semantic networks [167] can fully or partially support
and/or autoimatize the process of interpretation, but thus
far we are not aware of these tools having yet been used
for fNIRS interpretation, except perhaps for timid uses
of machine learning precursors of data mining [168].

6. Conclusions

Current neurosciences are unthinkable without the
overwhelming contribution of neuroimages. Among
whci we found diffuse optics neuroimages with partic-
ular interest in the functional subset techniques. Func-
tional images are essential to understand the brain in-
vivo. We have briefly covered the metabolic activity and
the associated neurovascular phenomenon ultimately re-
sponsible for the fNIRS signal. We have accompanied
the radiation in its travel through the tissues of the hu-
man head until its destination in the sensors responsible
for image acquisition. We commented several common
options for the sampling and quantization of the ana-
log information, and we presented several well-known
alternatives for approximating the radiation transport
problem. Then we have moved to the reconstruction
where the histophysiological information of interest is
retrieved. Here, we have commented on the major is-
sues of the ill-possessedness of the problem and the ef-
fect of metamerism and how regularization may allevi-
ate the implications. We further presented which is per-
haps the most common reconstruction in fNIRS; the dir-
ect inversion of the MBLL. Finally, we reached the ana-
lysis and discussed some common computational and
statistical transformations arriving to the generation of
new knowledge regarding brain function. In this stage,
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approaches are more diverse all with different implic-
ations. We attempted to give an overview of different
tools, but we put particular attention to the GLM which
can express many experimental designs.

In this journey, many factors either imposed by nature
or by the inherent limitation of the models and sys-
tems built by humans interfere with this generation of
knowledge. Every assumption made has consequences.
Table 1 summarizes some important assumptions made
in each stage and their corresponding effects. Many
factors such as habituation have been intentionally for-
gotten in this overview for the sake of simplicity. These
may demand specific analytical strategies or constrains
interpretation but do not necessarily add new steps in
the roadmap to interpretation.

Any attempt to understand the function of the
brain from diffuse optical neuroimages requires pro-
found knowledge of the brain anatomy, histology
and physiology, knowledge regarding its organizational
principles and the physico-chemical rules governing
such expression of activity, knowledge regarding the
physics of image formation and acquisition and the
mathematics of image reconstruction, as well as know-
ledge about the computational and statistical implic-
ations of the decisions made during the experiment
design and subsequent analysis.
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Table 1: fNIRS model assumptions This table lists assumptions made
by popular models used in each data transformation stage. Each as-
sumption a has direct impact in the result of the corresponding stage and
should be considered during interpretation.

Stage Model/Assumption Consequence Remedial Action

Im
ag

e
fo

rm
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n

an
d
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cq
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si

tio
n

Radiation transport model
(RTE):
• Ignores light polarization
[104, 169]

• This assumption has no
significant effect in fNIRS
since the polarized state of
photons inside the tissue
quickly becomes random-
ized by scattering [170, 171]

Diffusion Theory:
• Radiant energy does not
have a preferential direction
of travel

• Inaccurate estimation of
light fluence rate like that
occurring in regions close to
the light source [55]. This
is important in cases where
a short channel is being con-
sidered.

• Use of hybrid methods
(Monte Carlo/ Diffusion)

Anatomical and optical
models:
• Tissue models based on
layered homogeneous slabs

• Biases from estimated
spectrum

• Tissue models based in
realistic inhomogeneous
geometries improves fitting
between estimated and
measured data [172]

• Optical properties used in
the definition of the forward
model (properties measured
in-vivo, in-vitro, etc.) are as-
sumed accurate.

• Inaccuracies lead to bi-
ases of the spectra estim-
ated by forward models.
• Lack of exact refraction
index gets worst the ill-
posedness of the inverse
problem [173]

• Aggressive regularization
techniques may compensate
for loss of sensitivity.

Im
ag

e
R

ec
on
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Modified Beer-Lambert
Law:
• Light attenuation comes
directly from the hemo-
globin in the cortex

• Light sensed is contam-
inated by different sources
of noise including the hemo-
globin in the scalp blood
flow (SBF).

• A common strategy is to
regress out the influence
of the SBF from a short
channel.
• Processing techniques
reduce contribution from
unwanted physiological
sources of noise like
heart rate or arterial blood
pressure [51]

Continued on next page
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Table 1 – Continued from previous page
Stage Model/Assumption Consequence Remedial Action

• Attenuation is due only
to absorption. Scattering is
neglected when determining
optical density

• Error in quantification. • Frequency-domain or time
resolved modalities permit
separation of absorption and
scattering effects.

• Tissue homogeneity • Underestimates the amp-
litude of the changes in oxy-
and deoxy- hemoglobin [13]

• Inclusion of PPF (par-
tial pathlength factors) in the
MBLL. As the real PPF is
difficult to measure in-vivo,
commonly the DPF (differ-
ential pathlength factor) is
used instead.

Perturbation method:
• Inverse reconstruction
function can be approxim-
ated linearly ignoring high
order terms in Taylor series.

• The solution is approxim-
ated linearly introducing a
reconstruction error and af-
fecting sensitivity to para-
meters.

• Success depends on the
effect played by higher-
order terms and the initial
point[104]. Either higher
terms can be used or differ-
ent models are available.

A
na

ly
si

s

General Linear Model:
• Errors are independent and
identically distributed, fol-
lowing a normal distribution

• The predicted mean may
not necessarily be the same
as the response distribu-
tion’s canonical location
parameter

• A link function g(µ)
over the structural compon-
ent β0 + βX of the model
can be introduced as usually
done in the generalized lin-
ear model

• Fitting by least squares • Strict exogeneity, errors
are spherical (homocedastic
and non self-correlated)

• Use of mixed effects mod-
els, fittings like robust least
squares, etc.

Dynamic Causal Model-
ling:
• Non-systemic brain hemo-
dynamics is purely the effect
of brain activity

• Ignoring deviations due to
inhibition and underestimat-
ing activity

• We are unaware of a
specific solution developed
for DCM. Carefulness dur-
ing interpretation must be
stressed.

Graph theoretical models:
• Often assume simple
graphs as the solutions

• Ignores possible alternat-
ive paths for connectivity
• Directed graphs alone are
insufficient for expressing
causality, in principle limit-
ing the analysis of effective
connectivity

• Follow advice on how to
interpret e.g. [174]
• Allow for multiple and/or
causal graphs

Continued on next page
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Table 1 – Continued from previous page
Stage Model/Assumption Consequence Remedial Action

• Metrics developed for
large graphs are still valid
for small graphs

• Prunning of non-
significant edges may
be biased
• Graph density may be
affected
• Network topology e.g.
small-world, may appear
altered.

• Follow advice on how to
interpret e.g. [174]

Manifold based models:
• Compliance with the man-
ifold topology is assumed
rather than evidenced.

• With sparse sampling, de-
viations from the true topo-
logy may be substantial.

• Efforts can be made to
choose the most likely topo-
logy, e.g. using persistent
homotopy.

• The chosen geometrical
distance (even geodesic)
over the ambient repres-
entation characterises the
neuroscientific phenomenon
of interest

• Altered appreciation of the
phenomenon, perhaps even
misleading.

• Accompany results with
an analysis of the chosen
distance.
• Ensure a sufficiently
dense sampling over
the solution manifold to
facilitate recovery.
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