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ABSTRACT
The advent of event-related functional magnetic resonance imaging (fMRI) has resulted in many exciting studies that
have exploited its unique capability. However, the utility of event-related fMRI is still limited by several technical
difficulties. One significant limitation in event-related fMRI is the low signal-to-noise ratio (SNR). In this work, a new
non-parametric technique for noise suppression in event related fMRI data is proposed based on spectrum subtraction.
The new technique is based on generalized spectral subtraction that allows correlated noise components to be treated
robustly. Moreover, it adaptively estimates a nonparametric model for random and physiological components of noise
from the acquired data in a simple and computationally efficient manner. This allows the new method to overcome the
limitations of previous methods while maintaining a robust performance given its fewer assumptions and suggests its
value as a useful preprocessing step for fMRI data analysis.
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1. INTRODUCTION
The functionality of the human brain is still relatively unknown, in spite of the fact that much effort has been put into its
understanding. A relatively new and promising tool for this purpose is functional magnetic resonance imaging (fMRI).
This technique provides a valuable noninvasive tool for investigating brain function. In particular, the different magnetic
properties of oxyhemoglobin and deoxyhemoglobin are used to visualize localized changes in blood flow, blood volume
and blood oxygenation in the brain1. These in turn become indicators for local changes in neural activity. To observe
these homodynamic changes, the subject is exposed to controlled stimuli that are carefully designed to affect only certain
brain functions while rapid acquisition of a series of brain images is performed. The sequence of images is analyzed to
detect such changes and the result is expressed in the form of a map of the activated regions, which represents sensory,
motor, and cognitive functions in the brain2.
Classically, most fMRI studies are conducted using the so-called block design approach, whereby two sets of data are
acquired. First, a number of frames are acquired while the subject is at rest or under some baseline condition, then
another set is acquired during the stimulus2. This pattern is repeated for a number of cycles in order to improve the
signal-to-noise ratio (SNR), which would otherwise be rather low. Recent advances in both data acquisition and analysis
have improved the temporal resolution of fMRI and made it possible to observe transient homodynamic changes with
reasonable accuracy. A good example for that is a new experimental design, similar to that of evoked-response potential
(ERP) protocol, called single trial or event-related fMRI (ER-fMRI). In this new design, the subject receives a short
stimulus or performs a single instance task while the resultant transient response is measured3. Event-related fMRI offers
many advantages over block design that include versatility, investigation of trial-to-trial variations, and extraction of
epoch-dependent information and direct adaptation of the methods used for ERP to fMRI. One significant limitation in
ER-fMRI is the degradation in signal-to-noise ratio (SNR) due to the transient nature of the response. Several methods of
data analysis have been used to process the ER-fMRI raw data. The ultimate goal of such analysis is to try to separate
1
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signal components due to true activation, physiological fluctuations and random noise. The latter two components are
considered as nuisance and must be removed for correct results4. Several methods have been proposed to suppress
physiological noise including the use of a harmonic model5 and noise subspace characterization6. Others attempted to
use different strategies to suppress the effect of random noise in the analysis using finite impulse response (FIR) filter
modeling7, smart spatial averaging8, inter-epoch averaging3, and Wiener filtering9. These techniques suffer from at least
one of the following limitations: the assumption of a certain signal characteristic to enable building the denoising filter,
the assumption of limited epoch-to-epoch variability to enable the averaging (which ignores the information associated
with each execution of the task and as a result assumes that subject behavior and brain function do not vary during
repeated trials) and the assumption of a particular noise model that is uncorrelated with the activation signal to enable the
removal of this type of noise. All these assumption are not always valid especially when we consider both physiological
and random components of noise. In fact, the noise behavior is very hard to model in fMRI due to the large number of
noise sources and their complex nature. Besides, the noise is often found to be correlated with the activation signal.
Moreover, it does not always show white Gaussian noise behavior (i.e., it does not affect the activation response
uniformly over the entire spectrum). Therefore, a denoising strategy that would overcome the above limitations would be
rather useful in the clinical practice.
In the present work, which focuses on denoising, an extension to the well-known spectrum subtraction technique10 along
with a nonparametric estimation for the noise behavior have been adapted for processing ER-fMRI data. The proposed
method considers a generalized model for the denoising process that takes into account random noise, physiological
noise, in addition to relaxing the assumption of uncorrelatedness of true activation signal and noise. Being
nonparametric, it adapts well to individual data sets and works well in the clinical practice. This technique mainly aims
at improving the SNR in the activated time courses, which can be considered an important preprocessing step before
characterizing the signal for aspects such as onset, duration, and amplitude of the activation response. The proposed
method is verified using real ER-fMRI data acquired from a healthy volunteer and the results supports the theory and
shows the potential of the new technique for clinical use.

2. THEORY
Generally speaking, the fMRI temporal signal can be modeled as the summation of two components: a deterministic yet
unknown part s(n) representing the true activation signal and another signal d(n) representing the sum of physiological
and random noise parts. That is:
y(n) = s(n) + d(n) .
(1)
In the frequency domain, we have:
Y(k) = S(k) + D(k) .
(2)
The power spectrum of Y(k) can be computed as follows:

Y (k ) = S (k ) + D(k ) + S (k ) ⋅ D * (k ) + S * (k ) ⋅ D(k )
2

2

2

(3)

or,

Pyy (k ) = Pss (k ) + Pdd (k ) + rsd (k ) + rds (k )

(4)

The last two terms represent the cross correlation between the signal and the noise. Typically, if d(n) is zero mean and
uncorrelated with s(n) then the terms E{S*(k).D(k)} and E{S(k).D*(k)} can be reduced to zero and the signal power can
be estimated by:
Pss ( k ) = Pyy ( k ) − Pdd (k )
(5)
However, if the noise and the signal are correlated, then we can no longer neglect those cross terms, which represent the
cross correlations ( rsd(k) and rds(k) ) between d(n) and s(n). Unfortunately, we cannot estimate these cross-correlation
terms as we have no access to s(n). But, since we have access to the corrupted signal y(n), we can get an estimate of the
cross correlation rds(k) ( or rsd(k) ) by computing the cross correlation the corrupted signal y(n) and d(n), i.e. ryd(k):

ryd ( k ) = rsd (k ) − rdd (k )

(6)
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Note that ryd(k) contain the desired cross correlation terms rsd(k) plus the autocorrelation of the noise component, which
in the frequency domain is given by D(k ) 2 and can be lumped with the same term in Eq.(3).
Now, the estimate of the power of the activation signal can be given by,
2

S (k )

= Y (k )

2

− α D (k )

2

− δ Y (k ) ⋅ D (k ) .

(7)

Here, α is a subtraction factor (to account for the two lumped terms containing D(k ) ) and δ is the cross-correlation
subtraction coefficient, which provide an estimate of the correlation between the corrupted signal and the noise
component. δ can be calculated as,
2

δ=

χ yd − µ y ⋅ µ d
σ y ⋅σ d

,

(8)

where µy and µd are the mean values of the corrupted signal and the estimated noise signal respectively, σy and σd are
their variance and χyd can be computed as:

χ yd =

1
N

∑ Y (k ) ⋅ D (k )

,

(9)

where N is the number of points in the signal.
If we assume that the noise affects the whole spectrum in a uniform way (i.e. white noise), then α will be constant.
Unfortunately, this is not always the case. So, to take into account this color behavior of the noise, we divide the power
spectrum into N non-overlapping bands, each band will have its own subtraction factor, which will depend upon SNR in
this band. So, Eq. (7) can be rewritten as:

S (k ) = Y (k ) − α i Di (k ) − δ Yi ( k ) ⋅ Di ( k )
2

2

for bh ≤ k ≤ ei

2

(10)

Where bi and ei are the beginning and ending frequency of the i frequency band, αi is a band specific subtraction factor
and is a function of the SNR of this band which can be calculated as:
th

SNRi (dB)

∑ Y (k )
∑ D( k )

 ei

 k =b
= 10 log 10  ei i


 k =bi

2

2









(11)

3. METHODS
3.1. Adaptive nonparametric estimation of the noise
According to the above derivation, we need to compute the power spectrum of the noise and the cross-correlation of the
original signal and the noise. The simplest way to do that is to use the background areas within the available data set.
Here, we use a non-parametric technique to compute both terms (as opposed to the parametric method used in11). In our
method, the time course signals from background pixels are used to perform averaged periodogram estimates of the
noise power spectrum and its cross-correlation with the original signal. This allows an accurate estimate of these
functions to be computed in an adaptive manner.
3.2. Signal power spectrum estimation
Since the proposed technique is applied to a single time course at a time, the periodogram estimate of signal power
spectrum is expected to have a rather large variance12. As a result, the subtraction of power spectra in Eq. (10) may
contain negative values in practical implementations. This causes a problem in trying to compute the square root to
recover the processed signal. In our implementation, we introduce a new parameter β (which called the spectral floor
parameter13) to overcome this problem by replacing all negative values in the subtraction results by a small fraction of
the corrupted signal as in Eq. (12). Since in most cases β is equal to zero, this approach is justified because all values
lower than the estimated power spectrum are more likely to be noise components within the variance limits of the
periodogram estimate.
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 Y (k ) − α i Di (k ) − δ Yi (k ) ⋅ Di (k ) , if Yi (k ) > α Di (k )
( for bh ≤ k ≤ ei )
S (k ) =  i
2
βα i Yi (k ) ,
otherwise

2

2

2

2

2

(12)

3.3. Retrieving the denoised signal from its power spectrum
As shown, the signal power spectrum is obtained by spectrum subtraction of the noisy signal and noise power spectra. In
order to compute the deterministic signal component from its power spectrum, the magnitude of the Fourier transform
can be obtained as the square root of the power spectrum. The problem now becomes that of reconstructing the signal
using magnitude only information about its Fourier transform. Several phase recovery techniques can be used to do that.
The one used for this work relies on an estimate obtained from the phase of the Fourier transform of the original signal
Y(k). Hence, the Fourier transform of the processed signal S(k) can be expressed as,

S (k ) = Pss (k ) ⋅ e j ⋅ phase(Y ( k )) .

(13)

The enhanced deterministic signal s(n) is then computed as the real part of the inverse Fourier transformation of this
expression. A block diagram for the proposed strategy is shown in Figure 1.

4. RESULTS
To verify the new technique, event-related fMRI data from an activation study performed on a volunteer using a Siemens
1.5T clinical scanner were used. In this study, an oblique slice through the motor and the visual cortices was imaged
using a T2*-weighted EPI sequence (TE/TR= 60/300 ms, Flip angle=55°, FOV=22cmx22cm, slice thickness=5 mm).
The subject performed rapid finger movement cued by flashing LED goggles. The study consisted of 31 epochs, with 64
images per epoch9. Temporal data from a single pixel in each of the motor and visual cortices are processed using the
new method. The nonparametric estimation method was conducted using the time courses of 256 background pixels
outside the brain area selected by the user. The values of subtraction factor (α) and the spectral floor parameter (β) were
chosen in their simplest form which are α=1 and β=0 to allow the comparison with the different implementations of
spectral subtraction algorithm.
The results of the proposed technique are shown in Figs. 2-9. As can be shown in Figs. 2-5, the results of the proposed
method appear much improved from the original. Moreover, if we compared the results of the new technique to that of
the classical parametric spectrum subtraction11-13, we observe an improved noise suppression that is evident in the shown
difference signal. The same algorithms were applied to the same pixel time course but for a large number of time frames
to clarify the effect of every algorithm on the physiological noise. As shown in Figs. 6-9, the proposed algorithm was
able to effectively suppress the base line variations results from the physiological noise. Moreover, when the two results
were subtracted, the trend of the physiological noise was very clear as in Fig. 9.

5. CONCLUSIONS
The new technique is based on generalized spectral subtraction that allows correlated and colored noise components to
be treated robustly. Moreover, it adaptively estimates a nonparametric model for random and physiological components
of noise from the acquired data in a simple and computationally efficient manner. This allows the new method to
overcome the limitations of previous methods while maintaining a robust performance given its fewer assumptions.

ACKNOWLEDGEMENTS
The authors would like to acknowledge support by International Electronics, Egypt, and NIH (grants RO1MH55346 and
RO1EB00321), Georgia Research Alliance, and The Whitaker Foundation.

Proc. of SPIE Vol. 5031

Downloaded from SPIE Digital Library on 11 Nov 2011 to 198.82.26.214. Terms of Use: http://spiedl.org/terms

327

REFERENCES
1.

2.
3.

4.
5.
6.
7.
8.
9.
10.
11.
12.
13.
14.
15.

328

S. Ogawa, D.W. Tank, R. Menon, J.M. Ellermann, S.-G. Kim, H. Merkle, and K. Ugurbil, “Intrinsic signal changes
accompanying sensory stimulation: functional brain mapping with magnetic resonance imaging,” Proc. Natl. Acad.
Sci. USA 89, pp. 5951–5955, 1992.
W.W. Orrison, J.D. Lewine, J.A. Sanders, and M.F. Hartshorne, Functional Brain Imaging, Mosby-Year Book, St.
Louis, 1995.
R.L. Buckner, P.A. Bandettini, K.M. O’Craven, R.L. Savoy, S.E. Petersen, M.E. Raichle, and B.R. Rosen,
“Detection of cortical activation during averaged single trials of a cognitive task using functional magnetic
resonance imaging,” Proc. Natl. Acad. Sci. USA 93, pp.14878–14883, 1996.
M. Svensen, F. Kruggel, and Y. von Cramon, “Probabilistic modeling of single-trial fMRI data,” IEEE Trans. Med.
Imag. 19, no. 1, pp. 25-35, 2000.
T.H. Le and X. Hu, “Retrospective estimation and correction of physiological artifacts in fMRI by direct extraction
of physiological activity from MR data,” Magn. Reson. Med. 35, pp. 290 298, 1996.
B.A. Ardekani, J. Kershaw, K. Kashikura, and I. Kanno, “Activation detection in functional MRI using subspace
modeling and maximum likelihood estimation,” IEEE Trans. Med. Imag. 18, no. 2, pp. 101-114, 1999.
C. Goutte, F.A. Nielsen, and L.K. Hansen, “Modeling the haemodynamic response in fMRI using smooth FIR
filters,” IEEE Trans Med Imag. 19, no. 2, pp. 1188-1201, 2000.
A.F. Sole, S. Ngan, G. Sapiro, X. Hu, and A. Lopez, “Anisotropic 2-D and 3-D averaging of fMRI signals,” IEEE
Trans. Med. Imag. 20, no. 2, pp. 86-93, 2001.
S.M. LaConte, S. Ngan, and X. Hu, “Wavelet transform-based Wiener filtering of event-related fMRI data,” Magn.
Res. Med. 44, pp. 746-757, 2000.
S.F. Boll, “Suppression of acoustic noise in speech using spectral subtraction,” IEEE Trans. Acoust., Speech, Signal
Process. 27, pp 113-120, 1979.
Yasser M. Kadah, “Adaptive signal-preserving denoising of ER-fMRI data using spectrum subtraction,” Proc. 2001
ISMRM/ESMRMB Joint Annual Meeting, P. 1208, Glasgow, Scotland, 2001.
Yasser M. Kadah, “Robust Analysis of Event-Related Functional Magnetic Resonance Imaging Data Using
Independent Component Analysis,” Proc. SPIE Medical Imaging 2002, San Diego, Feb. 2002.
Yasser M. Kadah, Stephen Laconte, and Xiaoping Hu, “Denoising of event-related fMRI data based on rician noise
model for robust analysis using ICA,” Proc. ISMRM 10th Scientific Meeting, Honolulu, May 2002.
C.S. Burrus, J.H. McClellan, A.V. Oppenheim, T.W. Parks, R.W. Schafer, H.W. Schuessler, Computer-Based
Excercises for Signal Processing Using Matlab, Prentice Hall, New Jersey, 1994.
M. Berouti, R. Schwartz and J. Makhoul, “Enhancement of speech corrupted by acoustic noise,” Proc. IEEE Int.
Conf. Acoust., Speech, Signal Process., pp. 208-211, Apr. 1979.

Proc. of SPIE Vol. 5031

Downloaded from SPIE Digital Library on 11 Nov 2011 to 198.82.26.214. Terms of Use: http://spiedl.org/terms

Raw Data

Original Corrupted Signal

Nonparametric Estimated
Noise

Fourier Transform

Fourier Transform

Signal Power Spectrum

Cross Correlation

Noise Power Spectrum

δ

α

Spectrum Subtraction

Square Root

Phase Recovery

Inverse Fourier Transform

Filtered Signal

Figure 1. Block diagram of the proposed Algorithm.
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Figure 2. Original Signal.

Figure 3. Denoised Data using classical spectrum subtraction. Note the presence of baseline variations due to
physiological noise as a result of the parametric model of the noise.

Figure 4. Denoised Data using the new method. Note the removal of baseline variations.

Figure 5. Difference between the raw signal in Fig. 2 and the denoised signal in Fig. 4.
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Figure 6..

Original Signal

Figure 7. Denoised Data using classical spectrum subtraction. Note the baseline variation
(physiological noise) due to the parametric model of the noise.

Figure 8. Denoised Data using the new method. Note the removal of the correlated
noise plus the physiological noise.

Figure 9. Difference between the parametric solution and the proposed
nonparametric solution. Note the baseline variation between the two solutions.
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