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Abstract— Multichannel speech enhancement has been shown
to be an effective method to decrease speech distortion in-
troduced during speech enhancement, especially in environ-
ments like MRI (magnetic resonance imaging) which have
a distributed noise source. However, these methods suffer
from high computational complexity which makes them almost
impractical. The use of subband filtering has been suggested
to reduce this complexity but the performance of the existing
subband methods deteriorate as the number of subbands
increases. In this paper we introduce a new multichannel
speech enhancement algorithm based on subband adaptive
filtering that works for higher number of subbands at a
lower complexity. The real-world experiments demonstrate the
performance of the new scheme in an MRI room.

I. INTRODUCTION

Functional MRI (fMRI) is used for clinical purposes to
study the haemodynamic response of the human brain and
the spinal cord. During the scan, the subject responds to
visual and audio cues by speaking over a microphone. The
very high level of distributed acoustic noise generated during
the scan by the three perpendicular gradient coils namely
X, Y and Z, together with the noise generated by the
ancillary equipments like helium fan, helium pump and air
conditioning system, overwhelms the subject’s speech and
reduces the intelligibility of subject’s speech response. This,
disrupts the speech communication between the patient and
researcher and is seen as a major impediment in fMRI
research. fMRI acoustic noise (Fig. 1) is a wideband signal
whose spectrum spans a broad range of frequencies with
several strong high frequency harmonics with an eigenvalue
spread of the order of 10°. The special characteristics of
the noise and environment impairs the performance of the
conventional adaptive filtering methods and needs more
suitable noise cancelation techniques.

The conventional approach for speech enhancement has
been single channel method in which the speech and back-
ground noise are recorded concurrently by a single mi-
crophone. In this approach, the suppression of background
noise also results in distortion in the desired speech signal
[1]. To reduce this effect, multichannel speech enhancement
techniques with microphone arrays have been suggested [2].
However the associated computational complexity remains
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a major challenge. The computational complexity in mul-
tichannel methods increases drastically with the number of
input channels which indeed limits the number of usable
channels. This computational burden can be reduced by using
subband adaptive filtering.

Subband adaptive filtering can be exploited to cope up
with adaptive filtering challenges for the distributed wide-
band fMRI acoustic noise [3]. This technique decomposes
the signal spectrum into several subbands, allowing each
subband to be handled separately. Therefore, the subband dy-
namic spectral range and eventually the subband eigenvalue
spread decreases. This reduction, leads to more stability and
robustness for adaptive filters.

_10H J

B -20r 1
30} 4
-40f 1
50} 4
-60f 4
o 0z 0 06 08 1

normalized frequency (x w)
Fig. 1. The spectrum of fMRI acoustic noise with fs = 16kH z.

In this paper we present a new multichannel subband
adaptive filtering based technique extended from [4] that
can be used in distributed microphone arrays. In this ap-
proach the output of each microphone is used to estimate
the noise in the reference microphone which is close to
the speaker and records the speech. The weights of all
filters are computed and updated jointly in subbands. The
inherent decimation and interpolation operations reduce the
corresponding computational complexity. The proposed al-
gorithm unlike similar approaches [5],[6] works very well at
high number of subbands, due to which the computational
complexity drastically reduces. The paper is organized as
follows. Section II describes the problem and signal model.
The proposed multichannel subband filtering algorithm is
introduced in section III. Experimental results are presented
in section IV and section V concludes the paper.
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Delayless multichannel subband adaptive speech enhancement

II. PROBLEM DESCRIPTION AND SIGNAL MODEL

In this paper we assume that there is a reference micro-
phone close to the speaker whose recorded signal y,.(n) has
the speech plus the background noise v(n) i.e.

yr(n) = s(n) +v(n) (D

There are N other microphones, with unknown geometry,
around the reference microphone that record the background
noise vi(n). We assume that the noise signals are not
coherent. v(n) can be modeled as

N
n) = Z v (n) * g 2)
k=1

where * stands for convolution, v (n) is the signal recorded
by the microphones and g;, is the acoustical signal transmis-
sion path. In order to estimate s(n) we need to estimate the
filters gy, of length L, such that

N
le(n)|* = > vin)g, 3)
k=1
is minimized where
vi(n) = [Vk.(n),yk(n—1),...,1/k(n—Lg+1)}T @
8 = 00,1, G20 Gy, )"
the summation in (3) can be written as
le(m)[1? = g (n) —¥" (m)a|” 5)
where
v(n) = [vi (n),v3 (n), ..., v (n)]" ©
g=[g.&, .. &nl"

(5) can be minimized using a least mean square adaptive
filter e.g. NLMS of length NL,. In this case all filters
gi are jointly computed and recursively updated. Since the
speech signal is highly non-stationary and impairs the weight
adaptation, a voice activity detector (VAD) [7] may be used
to halt the adaptation while speech is present. The impulse

response gy is usually long. Consequently, a large L, results
in a significant computational burden especially in the mul-
tichannel case. This can be resolved by employing subband
adaptive filtering. The delayless subband adaptive filtering
method employed in this paper is the DSAF algorithm
developed in [4]. This algorithm is shown [4] to be superior
in performance to other subband adaptive algorithms [5],[8].

III. MULTICHANNEL SUBBAND FILTERING

The delayless subband adaptive filtering (DSAF) algorithm
involves the decomposition of the input noise (i.e. the refer-
ence signal) and error signal into subbands by analysis filter
banks. The adaptive filters are computed in subbands and
combined into a full band filter using a synthesis filter bank.
Fig. 2 shows the delayless structured [4],[S] subband adaptive
filtering scheme used in our distributed speech enhancement
algorithm. In this method, all vi(n) for 1 < k < N
and e(n) are filtered into M subbands named vy ., (n) for
0<m < M -1 and e,,(n) using the analysis filter bank
h(z) with the decimation factor of D. h(z) is given by

h(z) =

where, H,,(z) is transfer function of mth analysis bandpass
filter with linear phase and length L,. In each subband, (6)
is computed using an adaptive algorithm such as NLMS i.e.

[Ho(2), Hi(2), ..., Hy-1(2)]" (7)

8 (n) V;z(n)em(n)

g,(n+1)= (3
€+ [|[Vim (n)]||?
where
Vi (n) = [V 1(n), Vi 2(n), .., v, ()] ©)
gm(n) = [g?n,lv gz;b,Qv e 7gZ;L,N]T

After weights are updated, each g, is reconstructed from
{80.k>&1 5s--->8a—1,) using a weight stacking method

[41.[9].

A. Computational Complexity

The computational complexity of the subband filtering
technique [4] is calculated by counting the number of real
multiplications required for the following operations (a)
decimation by D = M /4, (b) calculation of the N(M/2+1)
filter bank outputs, (c) operations for calculating updating
N(M/2+ 1) adaptive filters, (d) N weight stacking, and (e)
calculation of all g,.

Table I summarizes the computational complexity per
input sample for the operations listed above. The total
complexity is plotted in Fig. 3 versus the number of subbands
M for NLMS for N=1, 2, and 4. As shown, the complexity
reduces exponentially with the number of subbands. Since
the method in [4] compared to those in [5] and [6] has lesser
delay in its analysis filter banks, it works better with the
higher number of subbands and results in lesser complexity.
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Fig. 3. Computational complexity for different number of subbands and
for N =1,2 and 4.

Fig. 4. Real fMRI experiment used to record speech plus noise with a
Siemens 3-Tesla MRI system. The targeted application is speech enhance-
ment during fMRI experiment. N = 2.

IV. EXPERIMENTAL RESULTS

To demonstrate the performance of the proposed algorithm
we have recorded and compared speech enhancement in
an MRI environment. As shown in Fig. 4 in a typical
fMRI experiment i.e., 40 slices per 2 seconds of EPI (echo
planar imaging) sequences, speech was recorded. In order to
record the acoustic noise generated during the experiment, 6
reference microphones were used i.e., 3 inside and 3 outside
the MRI bore. Fig.1 shows the spectrum of the recorded
fMRI acoustic noise using a Siemens 3-Tesla MRI system.
Since 8 kHz bandwidth is enough for speech, the noise was
recorded at 64 kHz sampling rate and down sampled to 16

TABLE I
COMPUTATIONAL COMPLEXITY FOR THE PROPOSED METHOD IN TERMS
OF NUMBER OF REAL MULTIPLICATIONS PER INPUT SAMPLE.

Algorithms Number of real multiplications
filter bank (N +1)dlogy M
NLMS N+ 2)(3ka)
4L 4
PFFT-1 NsiTIg [(2+ ?)(logz 879) + logy Lg]
PFFT-2 N=£1(2+ 57)(logy ) + logy 2Lg]

kHz to avoid any spectral aliasing. Each recording has 5
seconds of pure noise without speech followed by 5 seconds
of speech plus noise. The first 5 seconds was used to estimate
9k-

Fig. 5 presents the effectiveness of the proposed algorithm
in 4 different experimental setups. Fig.5(a) and Fig.5(b) show
the spectrograms of the speech enhanced by the regular
NLMS algorithm and proposed method when only one
reference microphone inside the MRI bore is used. The filter
length for NLMS and subband method that give the best
results were 256 and 1024 respectively. The plots indicate the
effectiveness of the proposed algorithm in the suppression of
the background noise especially the harmonics of the fMRI
acoustic noise [3].

Fig.5(c) shows the spectrogram of the enhanced speech for
the proposed method when 3 reference microphones outside
the MRI bore are used. Fig.5(d) shows the same plot when all
6 reference microphones are used. Comparing Fig.5(c) and
Fig.5(d), we notice that the harmonics of the MRI acoustic
noise are more suppressed in the second setup especially
around 2kHz (highlighted with the rectangle) in which the
speech components are more enhanced. The experiments
show that the closer the reference microphones to the noise
sources, the better the noise cancelation is.

V. CONCLUSION

In this paper a new multichannel subband adaptive filtering
algorithm was introduced and tested in a distributed micro-
phone array for speech enhancement. The proposed subband
adaptive filtering algorithm enjoys lower delay in its analysis
filter bank which enables it to operate in high number
of subbands with much lower complexity. The resulting
distributed algorithm does not need any information about
the array geometry. An improvement in noise reduction is
observed when the number of reference microphones close
to noise sources increases.
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Noisy speech and the enhanced speech, (a) non-subband NLMS, with 1 reference microphone inside, and proposed subband adaptive filtering

with (b) 1 reference microphone inside, (c) 3 reference microphones outside, and (d) all 6 reference microphones inside and outside the MRI bore.

Fig. 5.
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