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Its Application in fMRI
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Abstract—This paper reports a new delay subspace decomposition (DSD)
algorithm. Instead of using the canonical zero-delay correlation matrix, the
new DSD algorithm introduces a delay into the correlation matrix of the
subspace decomposition to suppress noises in the data. The algorithm is applied to functional magnetic resonance imaging (fMRI) to detect the regions
of focal activities in the brain. The efﬁciency is evaluated by comparing with
independent component analysis and principal component analysis method
of fMRI.
Index Terms—Functional magnetic resonance imaging (fMRI), independent component analysis (ICA), noise suppression, principal component
analysis (PCA), subspace decomposition.

I. INTRODUCTION
Functional magnetic resonance imaging (fMRI) has emerged as a
useful tool in the study of brain function. Much of the work in fMRI
data analysis has revolved around the creation of statistical maps and
the detection of activation at different voxels of brain images [1]–[3].
Some researchers have attempted to address the issue by using parametric methods which usually assume speciﬁc signal shapes (Poisson,
Gaussian, Gamma, etc.) and attempt to extract the associated parameters for which the data best ﬁt [4], [5]. Others have taken a linear
systems approach in which the response is modeled as an impulse response convolved with the stimulus reference function [6], [7]. Such
as the well-known general linear model (statistical parameter mapping,
SPM) method which is based on known experiment pattern information
[8], [9]. These methods are classiﬁed as model-driven method because
some prior information such as the response function of a stimulus was
utilized in the algorithm. Recently, exploratory data-driven methods
got more and more attention, as they do not require any knowledge
and hypothesis about the paradigm or the hemodynamic response function. The representative algorithm of the data-driven methods is the independent component analysis (ICA) method [10], [11]. ICA can be
used to get independent components from mixed signals, with the constraint that the separated components are mutually independent. As a

high-order statistics based method, ICA can suppress white and colored
Gaussian noises automatically [12]. The basic idea of subspace decomposition named multiple signal classiﬁcation (MUSIC) [13], published
in 1986 on the radar signal detection problem, is to decompose the data
space of the autocorrelation matrix of an array recordings, by such an
algorithm as the singular value decomposition (SVD), into signal subspace and noise subspace, then conducted are the signal projection distribution in one of the two subspaces to get the location information of
the desired sources. This method was ﬁrstly introduced to brain function detection in 1992 as a magnetoencephalography inverse algorithm
[14].
The ﬁrst application of MUSIC in fMRI was reported in 1996, and
was designed to detect cortical activities from fMRI time-course data
with a forward and backward covariance averaging [15]. Different from
our current work, this method was a MR imaging process involved algorithm and was only evaluated by simulation data. Our method reported here is an image processing method totally based on the obtained
fMRI data; thus, it may be sorted to the class of data-driven fMRI algorithms.
This paper is organized as follows: The proposed method for delay
subspace decomposition (DSD) is introduced in the second section.
Simulation data and fMRI experiment are then introduced in the third
section. The result is presented in the forth section and ﬁnally followed
by a discussion.
II. DSD METHOD
We assume that the neural activities that produce the fMRI are all
focal activities, and fMRI data are composed of functional active signals and noisy background activities; thus, the MRI measured data at
voxel p yp (t) is a sum of the functional activities sp (t) and noises ep (t)

yp (t) = sp (t) + ep (t);

p = 1; . . . ; P

(1)

where N is the number of the temporal sample points, P is the number
of voxels. In a matrix notation, we have

y = s+e
and e 2 RP2N .

(2)

where y 2 RP2N ; s 2 RP2N

The delay correlation matrix of the measured fMRI data y is deﬁned
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t = 1; . . . ; N;

R(

)=

R(

)=

and

y ( t) y T ( t +

)

(3)

y ( t) y T ( t + )
T
T
= s ( t) s ( t + ) + s ( t) e ( t + )
T
T
+ s ( t + ) e ( t) + e ( t) e ( t +

)

(4)

where T denotes matrix transpose; is the delay time. When = 0,
this matrix reduces to the normal case utilized by the canonical MUSIC
algorithm [13]. As the source and evolution process of a stimulus induced signal and the background noises are intrinsic different, we assume their mutual correlation, s(t)eT (t + ) + s(t + )eT (t), may
be neglected when compared to the self-correlation of signal or noise,
then (4) changes to

R(

)

 s ( t ) sT ( t +

T

) + e ( t) e ( t +

):

(5)

Furthermore, similar to the smoothness constraint imposed by the
differential operator in the well-known Tikhonov regularization [16],
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we assume the meaningful stimulus induced response is much more
smooth than various randomly generated noises, thus by introducing
the delay parameter , we may have the signal-to-noise-ratio (SNR) of
the delay correlation matrix R( ) being much larger than SNR of the
original correlation matrix R(0). How much SNR enhances depends
on the intrinsic smooth difference and the delay parameter , and for
some extreme cases, we may have a R( ) where the noises are almost
removed completely as shown in the following example. In general, we
are not to ﬁnd a delay parameter to remove the noise completely, but a
small that enhance SNR for the following subspace decomposition.
Conducting a SVD on R

R = U 6V T

(6)

where 6 = diag[1 ; . . . ; P ] is the eigenvalue of matrix R or singular values of the matrix, and i >  2 ; i = 1; . . . ; L; i   2 ; i =
L + 1; . . . ; P; 2 is the remaining noise variance which may a very
small value close to zero. The matrixes U and V are composed of the
corresponding eigenvectors. According to the singular value distribution, the matrix U or V can be decomposized into signal subspace and
noise subspace, such as U = [S jG] = [u1 ; . . . ; uL juL+1 ; . . . ; uP ],
where S = [u1 ; . . . ; uL ] and G = [uL+1 ; . . . ; uP ] corresponds to the
signal subspace and the noise subspace, respectively.
The projection of the orginal signal dataset to the signal subspaces
deﬁned as

S = S T Y:

(7)

As the signal subspace S is composed of the eigenvectors corresponding to the ﬁrst L eigenvalues, S contains the principal signals of
the original data. For each voxel singal yp , we deﬁne a measure as

f (p) =

 pk
kSy
kS kkyp k :

Fig. 1. Simulation data. (a) Block signal simulating a fMRI stimulus pattern;
(b) An fMRI dataset with three activation locations; the horizontal-axis is the
order number of voxel, the vertical axis is the intensity value of the signal.
(c) The simulated fMRI dataset with three asynchronous activations in Gaussian
noisy background with different delay-times.

(8)

Equation (8) means a focal maximum will appear if the signal yp is
similar to the principal signals, or say the signal yp is located in the
signal subspace. Thus the space distribution of the measure f (p) will
give the information of source locations. Compared with the principal
component analysis (PCA) algorithm of fMRI, it is clear that the PCA
algorithm is just the special case with L = 1 and = 0 [17].
Based on the above equations, the procedure of the DSD algorithm
is as follows:
1) determining a proper delay paramter according to the intrinsic
difference of the signals and noises;
2) generating the signal subspace;
3) calculating the signal subspace projection by (7);
4) calculating the imaging measure f (p) and localizing the maxima
from the distribution of f (p).
= 0, in the case
The key step of DSD is the choice of L. For
of the canonical subspace decompositon [14], we have i =  2 ; i =
L + 1; . . . ; P, and a big 2 ( = 0) may mask the truning point on
the singular value distribution, thus making it very difﬁcult to choose a
correct L. By using the delay correlation, a nonzero may induce an
eeT ( ) much smaller than eeT ( = 0) especially when the random
noises are of wide spectrum. Meanwhile, as many meaningful signals
such as a stimulus induced fMRI signal s(t) is usually a smoothly
changed signal of narrow spectrum, s(t)sT (t + ) may still keep the
most information when is not too large. In our work, the idea behind specifying is to reduce noise signiﬁcantly without decreasing
the signal correlation too much. In particular, based on simulations, we
choose a delay parameter which corresponds to the biggest signal
delay autocorrelation (DA) and noise DA ratio and the related signal
DA still is larger than 0.6 times the signal zero DA.
For comparison, spatial ICA was utilized in this work. Details of
spatial ICA can be found in [10] and [18].

III. SIMULATION STUDY
A. Stimulated Data
The in vivo fMRI dataset is generally composed of brain functional
activations and background noises which are assumed to be Gaussian
noise in our simulation.
Suppose that the section under investigation is composed of 400
voxels (20 2 20 voxels fMRI image) and a dataset composed of 400
stochastically generated samples by the Gaussian noise generator in
Matlab is taken as the spontaneous background signals of this section at one sampling time point. The generation procedure was repeated for 80 times. Finally, the simulated dataset has a dimension
of 400 2 80. A block signal shown in Fig. 1(a) is added to the generated background noise on voxel 100 with different SNR deﬁned as
SNR = 10 3 log(std(signal)=std(noise)) dB, and other two block
signals with one and two sample point lagged respectively to the ﬁrst
one are added on voxels 200 and 300, respectively.
In summary, we get a 400-voxel fMRI dataset, in which there are
three asynchronous excitation points with different SNR. The three
activation locations are shown in Fig. 1(b) where SNR = 1:5 dB.
Fig. 1(c) shows the 80 time points of the 400 voxels in Fig. 1(a). The
ﬁrst to the ﬁfth channel in Fig. 1(b) denote the resting state. The sixth
channel denotes that there is an activation point, the seventh channel
has two activation points, the eighth channel has three activation
points. The three activation points of fMRI stimulation dataset are
asynchronous because the ﬁrst one begins to excite at the sixth time
point, the second begins at the seventh point and the third at the eighth
point.
B. Result
1) Result of Spatial ICA: The dataset was decomposed into 80 signals by the spatial ICA method as shown in Fig. 2. Where the excited
points can be respectively found in the ﬁrst, second and third components, their corresponding images are the fMRI results of the three assumed asynchronous activations, and other components in Fig. 2 are the
other fMRI noises. However, if we do not know the number of active
regions, the choice of components will be a challenge problem [12],
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Fig. 2.

Spatial ICA result.

1649

column) shows the corresponding localization results of DSD according to (7) with = 3 and L = 3. Fig. 5 (right column) shows
the results by DSD with = 0 and L = 1, thus the result of PCA,
correspondingly. The three spikes whose intensity is larger than 20 is
actually the assumed three activation points. This ﬁgure demonstrates
that the proposed method localizes the activation points better than
PCA, and this becomes more evident as the noise level increases
For comparison, the feasabilities of DSD and spatial ICA for dataset
with different SNR are evaluated by simulated data (the details of spatial ICA method are in [18]). Table I shows the results. We ﬁnd that the
result of spatial ICA and DSD are almost the same in synchronous brain
activation. While DSD is obviously better than spatial ICA in asynchronous situation. DSD is validity when SNR is larger than 0.3 dB for
synchronous activations or 0.6 dB for asynchronous activations, while
the spatial ICA suffers from the choice problem of separated components, the required SNR is higher than DSD did.
For inspecting the feasibilities of DSD for different noises, a fMRI
data of a rest state was utilized as a non-Gausssian noise instead of the
Gaussian noise in above simulation test, the results (omitted) show the
DSD method is valid as the Gaussian noise case.
IV. REAL fMRI DATA TEST
A. Human Data Acquisition

Fig. 3. Noisy signals and DA. (a) Noisy signals, the horizontal axis is the
order number of time sample point. (b) DA, the horizontal-axis is the number
of delay time point.

The fMRI data was collected by Beijing Cognitive Lab. in Beijing
hospital. The stimulus was a red illuminant point presented at the center
of the visual ﬁeld with a frequency 8 Hz, light intensity 200 cd/cm2 and
visual angle 2 . Each section is composed of 128 2 128 voxels, and for
each section, 80 sample images were collected in a total of 160 s during
a period of alternating between stimulation and nonstimulation block
paradigms shown in Fig. 1(a). The sample time interval is 2 s.
B. Result of DSD

Fig. 4. Cure of the singular values. The horizontal-axis is the order number of
the singular values, the vertical axis is the value.

for example, the sixth component in Fig. 2 may be wrongly chosen as
a meaningful signal.
2) Result of DSD: There are three main steps in DSD: 1) determining the delay parameter ; 2) choosing the L which determines the
decomposition of the signal space and noise space; 3) localizing the
activation points.
The ﬁrst to third signal in Fig. 3(a) are the signals of the three
active voxels in Fig. 1(b) and the fourth is noise, their DAs are shown
in Fig. 3(b). The normalized DA values of the fourth noise temporal
process are 1.00, 0.197, 0.101, and 0.029 when parameter is 0, 1,
2, and 3, respectively. Meanwhile, the normalized DA values of the
ﬁrst signal temporal process are 1.00, 0.892, 0.794, and 0.696 when
parameter is 0, 1, 2, and and 3, respectively. As noted above, we
choose a delay parameter based on the biggest signal DA and noise
DA ratio when signal DA still is larger than 0.6. Here, the ratios
are (1:0)=(1:0) = 1:0; (0:892)=(0:197) = 4:53; (0:794=0:101) =
= 3. Fig. 4 shows
7:9; (0:696)=(0:029) = 23:0; thus, we choose
the distribution curve of the singular values with an ampliﬁed subﬁgure
for the local information which indicates L = 3. Fig. 5 (left column)
shows the simulated fMRI data with SNR = 1:5 dB [Fig. 5(top)],
1.0 dB [Fig. 5 (middle), and 0.7 dB [Fig. 5 (bottom)]. Fig. 5 (middle

Similar to simulation case shown in Fig. 3, = 3 and L =3 are
chosen here. Using (7), we get the distribution of f (p) and chose the
voxel with intensity Z-score >0:7 (Z-score value is deﬁned as the difference between signal and its mean value), which is obvious statistical
difference approximately p < 0:001 between the remaining voxels
and the removing voxels, as the activation points as shown in Fig. 6(a).
Fig. 6(b) shows the fMRI signal of the activation voxel in Fig. 6(a).
The maximum correlation coefﬁcient is 0.8402 between the activation
signal in Fig. 6(b) and the experiment pattern when a sample points
delay was utilized. This result conﬁrms that the fMRI brain activation
signal can be detected by DSD. The stimulus is a simple visual stimulus, and the result conﬁrms its neural activation mainly in the occipital
regions.
For comparison the feasibilities of DSD with the spatial ICA for a
real fMRI data, the imaging result of spatial ICA and PCA are shown
in Fig. 7. The detailed spatial ICA may be found in our prior study [12],
and the PCA method is the special DSD method with = 0; L = 1.
The results of Figs. 6 and 7(a) show the result of spatial ICA and DSD
are almost the same, and they are much better than the result of PCA.
V. DISCUSSIONS AND CONCLUSION
In this paper, a two steps subspace decomposition algorithm was proposed for the fMRI data processing, the ﬁrst step is to reduce the noise
effect on the subspace decomposition by using a delay-autocorrelation
matrix instead of the general zero-DA matrix, the basis is the different
smoothness of a stimulus induced fMRI signal and the intrinsic noises
in a fMRI experiment. The second step is a subspace projection of the
measured fMRI data. When the subspace is composed of the ﬁrst principal component only, our DSD method reduces to the popular PCA
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Fig. 5. Result of DSD. (ai) Simulation data with various SNR. (bi) Result of DSD with = 3 and L = 3. (Ci) Result of DSD with = 0 and L = 1 (PCA).
The horizontal axis is the number of voxels, the vertical axis is the intensity value of the signal. Where i = 1 with SNR = 1:5 dB, i = 2 with SNR = 1:0 dB,
and i = 3 with SNR = 0:7 dB.
TABLE I
COMPARISON OF SPATIAL ICA AND DSD

Fig. 6. fMRI by DSD. (a) fMRI result by DSD, the black points are activation
voxels. (b) Activation signals. The horizontal axis is the order number of time
point (one point is one second), the vertical axis is the intensity value of the
signal.

Fig. 7. fMRI by ICA and PCA. The black points are activation voxels.

method of fMRI, and it is the difference in number of principal components utilized in our DSD method and the PCA method that make our
DSD method better than the PCA method. In fact, the principal components obtained by SVD are not a simple reconstruction of the real
signals, thus, we cannot simply choose one of them as the most similar one of the real signal as the PCA method does, we need to utilize
a combination of the main principal components as we do in our DSD
method.

When comparing with the spatial ICA method, DSD and spatial ICA
may produce similar results when a combination of independent components [12] is utilized as the ICA result. This fact again shows a single
component no matter a principal nor an independent component cannot
explain completely the fMRI signal. However, the components selection problem of spatial ICA is still a challenge topic in current practice
[12], while for DSD, the problem may be the choice of the delay parameter and the truncation of the singular values for the subspace decomposition. For a simulated data, we may check the difference of DAs
of the signal and the noise, and for a real fMRI data, we may check the
difference of DAs of the voxel data supposed active and nonactive in
a stimulus situation. Deﬁnitely, if the signal and some speciﬁc noises,
such as various possible physiological pulsation noises, are similar in
their statistic properties, our method may fail.
In summary, DSD is proposed to detect the regions of focal activities
in the brain for fMRI data analysis. When the delay parameter = 0,
and the dimension size of the signal space L = 1 DSD reduce to PCA.
The validity of DSD is conﬁrmed by comparing with spatial ICA and
PCA. We suppose DSD will stand as a useful tool in analyzing fMRI
data in the future.
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