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ABSTRACT

Near infrared spectroscopy (NIRS) is a relatively new non-invasive brain imaging method to measure brain
activities associated with regional changes of the oxy- and deoxy- hemoglobin concentration. Typically, functional
MRI or PET data are analyzed using the general linear model (GLM), in which measurements are modeled as a
linear combination of explanatory variables plus an error term. However, the GLM often fails in NIRS if there
exists an unknown global trend due to breathing, cardiac, vaso- motion and other experimental errors. In order
to overcome these problems, we propose a wavelet-MDL based detrending algorithm. Specifically, the wavelet
transform is applied to NIRS measurements to decompose them into global trends, signals and uncorrelated
noise components in distinct scales. In order to prevent the over-fitting the minimum length description (MDL)
principle is applied. Experimental results demonstrate that the new detrending algorithm outperforms the
conventional approaches.
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1. INTRODUCTION

Near-infrared (NIR) light with a wavelength between 650nm and 950nm easily gets through biological tissue.
This is because the light in NIR region is remarkably weakly absorbed by only a few biological chromophores
such as hemoglobin, myoglobin and cytochrome c oxidase.1 The relatively deep penetration depth for a human
brain of NIR light allows us to measure brain activities associated with regional changes of the oxy- and deoxy-
hemoglobin concentration.2 This spectroscopic technique using NIR light for monitoring brain activities is called
as functional near-infrared spectroscopy (NIRS).3

NIRS has a number of advantages over other neuroimaging modalities such as positron emission tomography
(PET) and functional magnetic resonance imaging (fMRI).3 NIRS has an excellent temporal resolution compared
to fMRI or PET. Also, it does not require for a subject to lie on his/her back in the confined environment during
experiments. Therefore, it allows us to investigate subjects who are difficult to examine using fMRI or PET,
such as infants, children, and patients with psychological problems. Moreover, NIRS is highly flexible, portable
and relatively low cost.

Unfortunately, compared to PET or fMRI, the quantitative statistical analysis of NIRS data is not relatively
well-established. To overcome this, Schroeter et al4 recently proposed standardized analysis for NIRS data using
the generalized linear model (GLM), and Plichta et al5 applied it for rapid event-related NIRS experiment design.
In the GLM framework, which is a standard method for analyzing fMRI and PET data,6,7 measurements are
simply modelled as a linear combination of explanatory variables plus an error term. The GLM is robust to many
cases even with a severe optical signal attenuation due to scattering or poor contact, since the GLM measures
the temporal variational pattern of signals rather than their absolute magnitude.

However, the GLM often fails in NIRS if there is an unknown global bias or a trend due to breathing, cardiac
and vaso- motion as well as patient movement during the measurement. In most cases of the brain monitoring,
such long-term physiological drift are often observed. Moreover, the amplitude of the global drift is comparable
to that of the signal from a brain activation.
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In order to overcome this problem, we employ a wavelet-based detrending algorithm8 and adapt it for NIRS
applications. Specifically, wavelet transform is applied to the NIRS time series to decompose them into bias,
signal and uncorrelated noise components in distinct scales. This is because that trends do not vary greatly
between short time intervals, so the drift signal can be modelled as a linear combination of large scale wavelets.
In order to prevent the over-fitting of bias estimation in a wavelet basis, the minimum length description (MDL)
principle9 is applied. Experimental results with real NIRS measurements demonstrate that the new detrending
algorithm outperforms the conventional approaches.

2. GENERAL LINEAR MODEL - A REVIEW

All classical analysis of functional data such as fMRI, PET, EEG and MEG are based on the general linear
model (GLM).6,7 In this section, a brief review for GLM is presented. For more detailed description, see.10

GLM describes a measurement y in terms of a linear combination of L explanatory variables plus an error
term:

y = x1β1 + · · · + xLβL + ε. (1)

Here the βi’s denote unknown strengths of response, xi’s are explanatory variables, which are models of hemo-
dynamic responses. The error ε is assumed to be normally distributed with zero mean but possibly temporally
correlated.

Since we have N sampled measurements along the time axis, a set of simultaneous equations is written as:

y1 =x11β1 + · · · + xL1βL + ε1

...
yN =x1Nβ1 + · · · + xLNβL + εN

(2)

which can be written in a matrix notation as:

y = Xβ + ε (3)

where y is a N -dimensional column vector whose elements are the sampled NIRS data at N time points, ε
denotes an error vector and β is a L dimensional column vector which represents unknown strengths of response.
Usually, the N × L matrix X is called as a design matrix and serves as a predictor for the measured signal.10

Usually, the stick function or the boxcar function is used for stimulus function. For the HRF, there are a
number of possible models. In this paper, we follow the tradition of fMRI and employ so called canonical HRF,
which is characterized by two gamma functions.10 Since the precise shape of the HRF varies across the brain, the
two derivatives of HRF with respect to delay and dispersion has been used together to mitigate that problem.11

After the model specification, a least-squares parameter estimator is derived using ordinary least squares. If
the design matrix X is of full rank, the least squares estimates are:

β̂ = (XT X)−XT y (4)

where X− denotes the pseudoinverse of X. With the obtained least squares estimates, one can construct a
statistics for the statistical inference. In most cases, we consider a linear combination of the parameter estimates:

λ1β̂1 + · · · + λLβ̂L = λT β̂ (5)

where the vector λT is called as a contrast vector.10 Since the parameter estimates are normally distributed, a
contrast is a random variable which is normally distributed.

Thus t-statistics for the hypothesis H : λT β = c is given by

T =
λT β̂ − c√

σ̂2λT (XT X)−λ

(6)

where T denotes a random variable with a Student’s t-distribution with N − rank(X) degrees of freedom.10

Proc. of SPIE Vol. 6850  68500Y-2

Downloaded From: http://proceedings.spiedigitallibrary.org/ on 09/28/2016 Terms of Use: http://spiedigitallibrary.org/ss/termsofuse.aspx



3. WAVELET-MDL DETRENDING

In many cases, there often exists global drifts in the NIRS measurements due to variety reasons, including subject
movement during the experiment, blood pressure variation, long-term physiological changes or instrumental
instability. Moreover, the amplitude of a global drift is often comparable to that of the signal from a brain
activation. In order to eliminate the global trend to improve the signal-to-noise ratio, the previous studies of
NIRS often employed high-pass filtering4 or autoregressive model.5 However, the signals from brain activations
can be often degraded by the simple filtering since the frequency response of HRF is concentrated in only
extremely low frequency domain (0Hz ∼ 0.15Hz).10

For the case of fMRI, Meyer proposed a new detrending algorithm that includes the baseline drift as part of
the linear model.8

y = Xβ + θ + ε (7)

where θ denotes the baseline drift and ε is the additive noise with the temporal covariance matrix Σ, respectively.
According to the wavelet theory which allows a multi-resolution analysis, the unknown trend can be modeled
as a signal which belongs to a subspace spanned by large scale wavelets since the trend varies slowly. In other
words, the global drift is restricted in the low-resolution signal subspace. Base on this observation, a model for
the trend is given by:8

θ(t) = sθJ
0 Φ(2−J t) +

J∑
j=J0

2−jN−1∑
k=0

dθj
kψ(2−jt− k) (8)

where Φ, ψ denote the scaling function and the wavelet function associated with a multiresolution analysis,
respectively. Here, we assumed N = 2J for the simplicity, and J0 determines the complexity of the global drift.12

More instinctive notation can be achieved if we use the discrete wavelet transform. Let W denote the discrete
wavelet transform, then the model for the trend is given by

Wθ = [sθJ
0 , dθ

J
0 , · · · , dθ2−J0N−1, 0, · · · , 0]T = [ΘT ,0]T , (9)

where the number of non-zero coefficients that describe the trend is 2−J0+1N = n0. Under the constraint, the
best fitting trend is derived in sense of the maximum likelihood estimation. Specifically, the maximum likelihood
estimates for the trend θ and the unknown β is given by:8

[Θ̂
T
, β̂]T = [AT Σ−1A]−1AT Σ−1Wy, A =

⎡
⎣

In0×n0

WX
0(N−n0)×n0

⎤
⎦ . (10)

where I denotes a n0 × n0 identity matrix, 0(N−n0)×n0 denotes a matrix whose elements are zero, A is a
(N × (n0 + L)) matrix, and Σ denotes the N ×N noise covariance matrix, respectively.

To complete the estimation of the unknown drift, the complexity of the global drift, J0 in Eq. (8) and Eq. (9),
should be estimated. More specifically, in order to prevent the over-fitting or under-fitting of bias estimation in a
wavelet basis, an appropriate complexity of the global drift - i.e. the number of non-zero coefficients (n0)- should
be determined. For the case of over-fitting, the hemodynamic response due to the brain activation is damaged
during a detrending process, whereas in the under-fitted model the unknown trend is erroneously classified as a
brain activation. The problem of estimating the correct order is called the model order selection problem.9,13,14

In general, a criterion for model order selection consists of two parts: a distance between data and a model,
a penalty for the over-fitting. Balancing these two terms is crucial in preventing the over- or under-fitting.
Akaike’s information criterion (AIC) and Schwartz information criterion (SIC) are two popular models and they
were originally used for wavelet-based detrending algorithm.8 The improved version of AIC13 and SIC14 are
given by

AICC = log σ̂2 +
N + n0

N − n0 − 2
, SIC =

N

2
log σ̂2 +

1
2
n0 logN (11)

where σ̂2, N denotes the residual sum of squares and the number of data points respectively.
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However, we observed that AIC and SIC tend to give a over-fitted model for NIRS signal. This is because
NIRS measurements have a large number of data points thanks to the excellent temporal resolution of NIRS,
and it is known that in AIC the probability of over-fitting is more than zero under quite general conditions as
N → ∞.15 In fact, the number of temporal NIRS sampling is much larger than that of fMRI data, which may
leads AIC and SIC to fail in NIRS problem.

We have observed that a model selection criterion based on minimum description length (MDL) principle,9

which is widely used in denoising and compression,16 gives desired tendency. According to MDL, the best model
is the one whose description permits the shortest code length.9,17 Under appropriate assumptions, the a criterion
based on MDL principle for defining the complexity of the global trend is given as

MDL =
N

2
log2 σ̂

2 +
1
2
n0 log2N + (−n0 log2 P (n0)), (12)

where σ̂2 denotes the ML estimate of unknown variance, log2 P (n0) denotes the prior distribution of the co-
efficients of the unknown trend along the wavelet domain. In the point of the noise suppression and the data
compression view, the wavelet coefficients are uniformly distributed, i.e., P (n0) = 1/N . However, as described
before, coefficients in the coarser scale has higher probability to be included to the unknown trend signal. There-
fore, it is possible to impose the characteristic of the trending signal to the model order selection criteria by using
the non-increasing prior distribution. Instead of using subjective distributions, we employed so called universal
prior for integers proposed by Rissanen.17

P (n) = 2−L0(n), n > 0, L0(n) = log∗2 n+ log2 c, c ≈ 2.865064. (13)

where log∗2 n = log2 n + log2(log2 n) + log2(log2(log2 n)) + · · · , where the sum involves only the non-negative
terms.

Since for NIRS measurements, the number of wavelet coefficients is quite different between scales, we calcu-
lated Eq. (10) by adding each coefficient within the scale to maximize the detection of the global minimum in
the model order selection.

4. EXPERIMENTAL RESULTS

We performed NIRS experiments using Oxymon Mk III (Artinis, Netherlands) that has eight laser diodes and
four detectors. In this system, two continuous wave lights (856nm and 781nm) are emitted at each source fiber.
A suitable arrangement constructs 16 optodes and 24 pairs of a source and a detector. The source and the
detector were attached by optical fibers on the scalp which covers motor cortex. The distance between source
and detector was 3.5cm.

The modified Beer-Lambert law (MBLL) which describes an optical attenuation in a highly scattering medium
like biological tissue18 allows the transformation from raw optical density (OD) data to changes of chromophore
concentrations. According to the MBLL, the change in the OD(λ, r, t) at the wavelength λ from the cerebral
cortex position r at time t due to the Nc number of chromophore concentration changes {∆c(i)(r, t)}Nc

i=1 is
described as

�OD(λ, r, t) = −ln(
IF
Io

) =
Nc∑
i=1

ai(λ)�c(i)(r, t)d(r)l(r) (14)

where IF denote the final measured optical intensity, Io denotes the initial measured optical intensity, ai(λ) is
the extinction coefficient of the i-th chromophore at the wavelength λ, d(r) is the differential pathlength factor
(DPF) at the position r, l(r) is the distance between the source-detector separation at the position r, respectively.
By measuring �OD at one or more wavelengths per chromophore and using known extinction coefficients19 a(λ)
of chromophores, concentration changes ∆C can be estimated.

One healthy, right-handed male adults were examined under right-finger tapping (RFT) task. The 21 seconds
periods of activation were alternated with 30 seconds periods of rest. During the activation periods, subjects
were asked to tap right hand fingers. Total recoding time was 552 seconds. Also, the same subject were examined
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Figure 1. (a) Synthetic hemodynamic response(HR) and global trend. The trend was extracted from the real NIRS
experiment under the null-hypothesis condition. (b) Synthetic NIRS time series and the estimated global trends. Black
line is the true bias. Blue line is the result of the wavelet-MDL based detrending method. Red and orange lines are from
the conventional detrending methods.

under the same condition. In this case, during the recording period, the subject did not receive any stimulus.
This data set which is called as noisy data is used for simulation study in the following. No subject had a
history of any neurological disorder. All subjects were informed about the whole experiment process as well as
environment. The investigation was approved by Institutional Review Board of KAIST.

4.1 Simulation Study

For the comparison, the conventional detrending based on high-pass filtering in4 was implemented. We designed
FIR low-pass filters by employing the Kaiser window which is known as a near-optimal method for constructing
FIR filters.

A simulated NIRS time series consisted of the global bias, the hemodynamic response and the Gaussian
noise. The global bias was extracted from the real NIRS experiment under the null-hypothesis condition using
the conventional detrending method whose passband edge and the stopband edge was 0.02Hz and 0.025Hz,
respectively. The hemodynamic response was modelled by the canonical HRF with its derivatives. The extracted
trend and the synthetic brain signal was normalized to [0,1] and [0, 1.5]. The power ratio between the two
signals was 2.25. The standard deviation of the Gaussian noise was 0.5. The simulated NIRS time series and its
components are given in Fig. 1.

In Fig. 1(b), 4 global trends are illustrated. The black dashed line denotes the extracted trend which can be
regarded as a true bias. The orange line (Conv-A, in the figure) is the result from the conventional detrending
method whose passband edge and the stopband edge was 0.015Hz and 0.02Hz, respectively. The red dashed line
(Conv-B, in the figure) is also from the exactly same low-pass filter which was used for synthesizing the true
trend. The blue line is estimated by the wavelet-MDL based detrending method.

Even though we know the exact cutoff frequency for the low-pass filtering, it is hard to distinguish between
the brain signal and the global trend when the both components are mixed together in the low-frequency band.
Indeed, the hemodynamic response is a extreme low-frequency signal similar to the global bias. Conv-B shows
this limitation clearly; it can remove the true bias perfectly, however, also it removes the most part of brain
signals. If we adjust the cutoff frequency, such as Conv-A, better estimation is possible. However, we can easily
see that the wavelet-MDL based detrending method gives much closer estimate for the unknown bias. Also,
there is little damage to the brain signal. The strength of the proposed algorithm can be more clearly elucidated
in the real application.

4.2 Experimental NIRS data

To gather the spatial information and to evaluate our NIRS experimental system, we simultaneously recorded
fMRI and NIRS data. From an anatomical T1 image from MRI, we mapped locations of NIRS signals to the
cerebral cortex. Specifically, we attached 4 tocopherol pills which make conspicuous spots in MR T1 image.
A three-dimensional digitizer, MicroScribe G2 (Immersion corp., USA), was used to register the locations of
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Figure 2. (a) and (b): Beta map and T map from the wavelet-MDL detrending, (c) and (d): Beta map and T map from
the conventional detrending method. β̂max is 1.0959 and 0.6035, respectively, in arbitrary units. t̂max is 21.1554, 11.7819,
respectively.

tocopherol and optodes. Finding the relationship between the real 3-D space and the MR image domain using
pairs of measurements of the coordinates of a number of points in both systems is a well known problem called
as absolute orientation. A closed-form, least-square solution for this problem is given by Horn.20

After the relation between the MR coordinate and the real 3-D coordinate is elicited based on the measured
coordinates of tocopherol pills, the locations of optodes in the MR coordinate are calculated. The closest points
on the cortical cortex to the optodes are found using the segmented T1 MR image.

Based on the estimated spatial coordinate, we constructed so called beta-maps and t-maps to see the brain
activation under the right finger tapping task. Beta values are calculated by Eq. (4). T values are obtained by
Eq. (6). The cubic interpolation is used for constructing beta- and T-maps. In Fig. 2, Beta- and T-map from
both detrending methods are illustrated. In Fig. 2 task-related activation in the right primary motor cortex is
clearly observable.

We compare the maximum value of β̂ and t̂ to evaluate the performance between the wavelet-MDL based
detrending method and the conventional method. β̂max is 1.0959 and 0.6035, respectively, in arbitrary units.
Similarly, t̂max is 21.1554, 11.7819, respectively. The higher β̂max and t̂max value indicates that the proposed
method makes lower damage to the brain signal and performs more reliable detrending. In addition, more
localized activation is observable especially in T-maps in Fig 2.

The NIRS time series in Fig. 3(a) contains a rapidly varied bias which is hard to remove by the simple low-pass
filtering. If we use the conventional detrending method, the residual of the fast-varying trend can be transformed
to a task-related signal, which is a general side-effect of the detrending process. We can show that the wavelet-
MDL based detrending method allows to remove the unknown trend even if it has high-frequency components in
the certain time point. In addition, there is no error for the boundary problem in the case of proposed method.
Usually, the conventional approach suffers the boundary effect because of Gibbs phenomena. In Fig. 3(b), the
estimated trend varies slowly, which shows that the complexity is successfully adjusted automatically. Also, we
can see that the complexity of the estimated trend varies along the time axis.

We compared our model order selection criteria to SIC which is originally employed for the wavelet-based
detrending method. In Fig. 4(a), it can be easily see that the estimated trend based on SIC does the overfitting.
This overfitting makes it hard to localize the brain activation as illustrated in Fig. 4(b).
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Figure 3. Two NIRS measurements and their estimated global trends. (a) Wavelet-MDL based detrending method allows
to remove the unknown trend even if it has high-frequency components in the certain time point. In addition, there is no
error for the boundary problem which frequently occurs for conventional detrending methods. (b) Compare to (a), the
estimated trend varies slowly, which shows that the complexity is successfully adjusted automatically.
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Figure 4. (a) For NIRS measurements, SIC tends to overfit. (b) Beta-map based on SIC. We can see the false localization
of the brain activation due to the overfitting.

5. DISCUSSION

The GLM allows a robust analysis for NIRS time series. The power of the GLM is based on a priori knowledge
of the pattern of NIRS signal. Therefore, the predictor of the GLM should be suitably chosen. The canonical
HRF is used for this study and it shows a desired performance.

For complete construction of a binary hypothesis testing framework, a noise covariance matrix Σ should be
included in t-statistics. The contrast t-statistics using in fMRI domain is given by6,7

tdf =
λT β̂√

σ̂2λT (XTX)−XT ΣX(XTX)−λ
. (15)

In additional, the degree of freedom and the way to adjust the false-positive rate of t-statistics are required.
In this study, noise of NIRS was assumed to be independent, identically distributed. However, in fact, there
is a significant temporal correlations due to various physiological fluctuations. Even though the wavelet based
detrending algorithm successfully removes the slow fluctuation, physiological noise still remains. The effect of
temporal correlation due to physiological noise should be analyzed and removed. This is beyond the scope of
this paper and will be reported elsewhere.

6. CONCLUSION

We applied the GLM to NIRS signal processing and confirmed its usefulness. We also observed that the wavelet-
MDL based detrending method is a robust tool for analyzing NIRS time series. Specifically, wavelet transform was
applied to the NIRS time series to decompose them into bias, signal and uncorrelated noise components in distinct
scales. With the MDL criterion, the unknown drift signal in NIRS data was successfully removed. Experimental
results with real and synthetic NIRS measurements demonstrated that the new detrending algorithm outperforms
the conventional approaches.
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