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ABSTRACT

This paper presents a multichannel dereverberation algorithm
that only uses coherent acoustic channels. In the framework
of multi-input/output inverse theorem (MINT), the equalization
performance varies depending on the length of the input acoustic
channels. However, only the portion of observed channel that
resemble the true acoustic channel contributes to performance
enhancement when measurement error is accounted. Hence,
the proposed algorithm derives the frequency dependent viable
channel length (VCL) from the coherence analysis of Monte
Carlo observations of a single acoustic channel. The VCL of the
room impulse response (RIR) is determined by the portion where
the stochastic characteristic of multiple observations is highly
coherent. Experiments are conducted to compare the equaliza-
tion performance of the subband MINT algorithm depending
on the length of the input RIR. The equalization performance
using frequency dependent VCL is as good as the one obtained
using the maximum length of the measured channel, while its
complexity is significantly reduced.

Index Terms— Dereverberation, multichannel equalization,
subband MINT, coherent acoustic channel, viable channel length

1. INTRODUCTION

Reverberation is known to provide spaciousness and intimacy to
the sound produced by distorting the original signal [1,2]. Al-
though it can be used to provide immersive user experience [3,4],
itis also known to degrade the intelligibility of speech signals [5].
Hence, a removal of the effect caused by the pre-existing rever-
beration needs to be considered in scenarios where such effect
cannot be disregarded.

Various dereverberation algorithms have been developed to
equalize or alleviate the effect of reverberation, and of those
algorithms, multi-input/output inverse theorem (MINT) is best-
known for its simplicity [6]. MINT is a multichannel time-
domain dereverberation algorithm that equalizes the acoustic
channels, described by room impulse response (RIR) filters. In
ideal condition, MINT produces a set of exact equalization filters
to a predefined set of input RIRs. Hence it is extremely sensi-
tive to the fluctuation of measured RIRs and its computational
complexity restricts increasing the length of input RIRs. Such
drawbacks limit the usage of MINT algorithm in real environ-
ments.

Variations of MINT algorithms have been developed to over-

equalized responses, singular value decomposition, and weight-
ing functions are used to stabilize the equalization filter and to
improve the performance under the influence of measurement
error [7-10]. To reduce its computational complexity, subband
based approaches have been implemented [11, 12]. Using sub-
band approach, the length of input RIRs can be increased by ten-
folds compared to that of the fullband approach while it only
requires small amount of increase in complexity [12].

Although in-depth analysis have been conducted on how to
enhance the equalization performance given the measured RIRs,
not much discussion is made on how to correctly determine the
length of the input RIRs. It is general belief that the better equal-
ization performance can be obtained as longer RIRs are used.
Such statement is true in ideal environments, but not in real en-
vironments where measurement error cannot be avoided. The
equalization performance saturates when the measurement error
becomes dominant in the observed RIR. Hence, by inverting only
the portion where the true RIR is dominant, the complexity of
MINT can be significantly reduced while achieving near opti-
mal equalization performance. However, the length of the viable
acoustic channel, which is the portion of measured RIR that re-
semble the true RIR, should be determined by various environ-
mental factors such as reverberation time, noise level, and so on.

In this paper, we propose a novel algorithm to estimate the
viable channel length (VCL) of the measured RIRs in each fre-
quency band based on Monte Carlo measurements. By measur-
ing the coherence of multiple observations of the same RIR, the
RIR is segmented into two parts; one where true RIR is dom-
inant, and the other where the measurement error is dominant.
Experimental results verify that the equalization performance of
MINT algorithm varies depending on the length of the input
RIRs used. The results also show that the equalization perfor-
mance obtained by using the proposed frequency varying VCLs
is as good as the one obtained using the maximum possible chan-
nel length.

2. BACKGROUND THEORY

For sound transmission in enclosed environment, multiple paths
exist from a source to a receiver. The sum of the paths, RIR, can
be described by a finite impulse response (FIR) filter h(n). For M
separate channels, M distinct sets of RIRs exist, and for a given
source signal s(n), the observed signal z,, (n) at m** channel can
be described using convolution operation,

come such limitations. Modification of cost function, various Tm(n) = hm(n) * s(n), 1
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2.1. Multi-input/output Inverse Theorem (MINT)

The room effect is equalized using the inverse filter g,, (n), which
has a length of L,. The objective function for equalization is
5(n) = gm (1) * Tm(n) = (e (1) * g (n)) * s(n) = s(n —ng), @)
where 3(n) is the equalized signal. Disregarding the source sig-
nal, the objective function can be simplified as d(n) = hm,(n) *
gm(n), where d(n) is the equalized response of length Ly, + Ly —1.
An ng-tap delayed Dirac’s delta function is often replaced by
d(n), as done in equation (2).
In vector notations, the simplified objective function for m**
channel is
d=H;,gmn, A3

where the vectors gm = [gm(0) gm (1) -+ gm(Lg —1)] and d =
[d(0)d(1) --- d(Lp + Lg — 2)] denote equalization and desired re-
sponse filters. Matrix H,, is the Sylvester matrix generated us-
ing hm(n), of size (Ly + Ly — 1) x (Lg). It is well known that a
unique solution to equation (3) does not exist because the system
matrix H,, is an overdetermined matrix and thus brings an ill-
posed problem [6]. However, a full-rank matrix can be obtained
by utilizing auxiliary channels, where the objective equation now

becomes
M

d= > Hpngn = Hg, @

m=1

where H = [H1Hy---Hy/] and g = [gff gff - gl}]", with d
being equivalent to that in equation (3) and e denoting Hermi-
tian transpose operator. Equation (4) is known to have a unique
solution when Ly = |(Lj, — 1)/M|, where |-| denotes flooring
operation [13]. The equalization filter can be obtained using the
least-square method as follows

]H

g= (HHH+6I>71HHD, ®)

where the regularization term § is used to stabilize the equaliza-
tion filter by suppressing its norm [7].

2.2. Subband based MINT

Adopting MINT to critically sampled subbands, where the dec-
imation factor N is equivalent to the number of subbands K,
brings aliasing effect [11]. Due to this effect, each subband
cannot be processed separately, and neighboring subbands have
to be taken into consideration into the inversion process [14].
In oversampled subbands, where N < K, however, it becomes
possible to process each subband independently since the guard
band relieves the impact caused by adjacent-channel interference
[15,16].

Generalized discrete Fourier transform (GDFT) filter banks
are employed to generate analysis and synthesis filter banks in
oversampled subband processing [15]. For a given prototype
filter bank p(n) having a low-pass characteristic, and of which
length is L,, RIRs are decomposed into K subbands using the
following analysis filter banks

ug(n) = p(n) e?2m(ntno)(ktko)/ K ©6)
where k = 0, 1, --+, K/2 — 1 is the subband index, and no = 0
and ko = 0.5 are usually used. RIRs for each channel are then
decomposed into subband filters cy, ,,, (n) = hm(n) * ui(n), each

with length L. = Ly, + L, — 1. The downsampled subband filters
hy m = [Pk, m (0) b m (1) - - - hy 1 (0)] are obtained by

hy, —U k,NCk,m,N> @

where U}  is the pseudo-inverse of the Sylvester matrix of the
decimated analysis filter ug v = [ug(0) up(N) - up(NLp N)]
and c m,N = [Ck m(o) Ck, m(IN) - * Ck, m(NLc N)] Lyn =
[(Lp — 1)/N] and L, n = [(L. — 1)/N| denote the length of
the decimated filters. The inverse filters g,, x(n) are then ob-
tained using eq. (5) for each subband.

The full-band equalization filter g, (n) for each channel is
synthesized using its subband components as

K—-1

> gkm.n(n) *vi(n), ®)

k=0

gm(n) =

where vy (n) = u} (L, —n — 1), with -* denoting complex conju-
gate. Here, gi ., n(n) is obtained by upsampling gi , .. (n) as

_ 9k, m,u (n/N) n=IN,leZ
gk,m,N(n) = { 0 otherwise,

where gk,m,u(n) = gk,m(n) * uk(Nn)

3. PROPOSED CHANNEL TRUNCATION METHOD

3.1. RIR as deterministic and stochastic components

Measured RIRs, unless measurement conditions are ideal, cannot
be regarded as true RIRs, and are generally assumed as

where h, (n), hm(n), and ., (n) denote true RIR, measured RIR,
and measurement noise at the m** channel respectively. We as-
sume that the location of the source and the receiver remains the
same and the characteristics of the measurement error does not
change throughout P observations. Given such assumptions, it
can be said that there is no fluctuation in h,,(n) and that €, (n)
can be modelled as an ergodic stationary random process. Hence,
we may assume that the measured RIR is composed of determin-
istic and stochastic components, where h,, (n) falls into the for-
mer and e, (n) falls into the latter component. We also assume
that e,,(n)s from each measurement process are uncorrelated to
hm(n) and to each other.

Since €,,(n) is assumed to be a stationary random process,
we define its variance as a constant value which is same across
all channels as

E [lem(m)?] = o2, (10)

where E[-] denotes the expectation operator. Since it is a station-
ary process, we also assume that its power spectral density (PSD)
is stationary and constant, which depends only on the frequency
fas

Sen (1.1) = E [[F{em(M)}?] = Se(£), an

for some time instance =, where F denotes the Fourier transform.
On the other hand, RIR is a non-stationary process, where its en-
ergy decays as time evolves. The energy decaying rate is highly
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Fig. 1: Estimated evolution of (a) PSD, (b) SNR, and (c) MSC

dependent on the characteristics of the room. Polack models the
RIR as

b(n) e~ A

n>0
hPolack(n) = { 0 -

otherwise, (12)

where b(n) is a zero-mean white Gaussian noise and A =
3In10/7, indicates how fast the energy of RIR decays based
on the reverberation time 7). [5]. Many other literatures also
describe that the energy envelope of RIR decays exponentially
as time evolves [1,3]. Hence the exponentially decaying model

Sty (1, f) = e AT (13)

is employed for time-frequency representation of energy enve-
lope of hp,(n). We assume that the room modeling parameter
A(f) is solely dependent on the frequency f and is uniform across
all channels.

Regarding deterministic and stochastic components as de-
sired and noise signals respectively, we can presume the instan-
taneous signal-to-noise ratio (SNR), &, (, f), to be

en(r f) = SHn (1) _ e 2T e ANT-a(N) (14
Sem (1, f) Se(f)

where a(f) = logSe(f) is a coefficient which describes the
recording environment characteristics.

3.2. VCL estimation based on coherence of RIR

The similarity between two signals Y and Z is measured by the
magnitude squared coherence [17, 18], which is defined as

O Syz(n PP
MSCyz(r, f) = Syy (1, £)Szz(r, f)

Sy z (7, f) is the cross-PSD (CPSD) function, which is defined as

SYZ(T7 f) =FE [Y(T7 f)Z*(Tv f)} ’ (16)

where Y (7, f) and Z(r, f) are STFT of y(n) and z(n) [19,20].

Let Hy, (7, f) and Ay, i (7, f) denote the STFT of hy,(n) and
hum.i (n) Tespectively, where subscript ¢ denotes observation index
of the measurement process. For each measured RIRs, the domi-
nant portion of direct path and early reflections are considered as
the deterministic component, whereas that of late reverberation
is considered as the stochastic component. Moreover, using the
assumptions given in equations (9), (11), and (13), spectral density
estimations in (16) is assumed to be

_ | Su,(r,f) (5N
St it (7 1) = { St (r )+ Sen(r, ) i=4,

5)

where i and j denote observation index. Then the MSC in eq.
(15) becomes

MSC, = (7&”" )2 = (71 )2 (18)
Hum = SH7YL + Sem B 1 + é';zl '

where time-frequency indices (7, f) has been ignored for sim-
plicity. Note that MSC in eq. (15) is a squared logistic function.
Hence the coherence of the measured RIR for a single channel
decreases as time evolves, where the rate of decrease and the ini-
tial coherence are determined by room parameters A(f) and a(f)
respectively.

Ideally, Sy (7, f) and Sc(7, f) evolves as depicted in Fig. 1
(a), where the corresponding SNR and MSC obtained are shown
in Fig. 1 (b) and 1 (c), respectively, for a single frequency. Since
eq. (18) and Fig. 1 (c) implies that h,,, ~ k., (n) only up to a certain
time, the length of the viable channel, 7 ,,,, for each channel m
and frequency f, is defined as

Tm = argmax{MSCﬁm(‘r, f) > MSCTH}7 (19)

for some predefined threshold value M SCrg. For all 7 ,,,s ob-
tained, the true VCL for each subband is chosen as

T = max (max T s (20)
k Fete ( iy f,m)

where f;, is the frequency region of the k£t subband.

4. SIMULATIONS AND RESULTS

In this section, experiments are performed to verify the exis-
tence of VCL. Equalization performance of subband MINT al-
gorithm, for a set of given RIRs of various lengths, is used for
verification. Results show that near optimal performance can be
achieved even when the length of the input RIRs are much shorter
than the maximum length.

4.1. Simulation settings and performance evaluation criteria

A single measurement is generated by adding the true RIR
h(n) and the measurement noise ¢(n). The RIRs from MARDY
database are regarded as true RIRs [21]. RIRs used in this ex-
periments are measured using two sources, eight microphones,
in three environments. The environments are classified into the
cases where its reverberation time is short, medium, and long.
Each RIR has 65,536 taps and is recorded at 48 kHz. One mea-
surement process is generated from each RIR, where P = 20
observations are made for each process. For each observation,
e(n) is generated using a zero-mean white Gaussian noise with
variance o. The value of the o is set by controlling the channel
mismatch

n = 10log;, <Z |E(n)|2/z |h(n)|2>, @1

and it does not change within a measurement. -5, -10, -15, and
-20 decibels (dB) are used for setting the value of 7.

VCLs for each subband is obtained using MSCry = 0.5
in (19). Averaged observation from each measurement process,
hm(n) = Elhm(n)], is used as input RIRs, and only the location
of the source is different in the two input RIRs. For subband de-
composition, kg = 0.5, ng = 0, K = 32, N = 24, and L, = 512 are
used to obtain ug(n) in eq. (6). In this experiment, the maximum
value of VCL is set to 30,000 taps.

To verify the effect of VCL, equalization using the regu-
larized MINT (RMINT) given in eq. (5) with various lengths
of input RIRs is employed. The length of the input RIRs, 7;,,
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Fig. 2: Average VCL for each 7 vs. fixed channel length

Tin 5,000 taps 10,000 taps | 30,000 taps
RMINT 2.53 12.27 323.02
(a)
n -5dB -10dB -15dB -20dB
RMINT 14.74 23.92 40.00 64.28
MSC+RMINT 61.70 70.89 86.97 111.25
(b)

Table 1: Averaged cputime comparison for (a) conventional
and (b) proposed algorithm

are defined by VCL in the proposed algorithm, and are set to
[5,000 10,000 30,000] taps for the conventional algorithm. To
quantitatively measure the equalization performance, clarity and
definition indices, defined as follows

Nso | 2 Nso | . 2
5 Jdm)| 5 Jd(m)|
Cs0 = n;() — Dso = n;()ﬁ, (22)
d(n)| > |dem)]
n=DNs5q n=0

are employed [22]. In (22), N5o denotes sample index that cor-
responds to 50 milliseconds and d(n) denotes the equalized re-
sponse. § = 10~7/19 is used for the regularization parameter
given in eq. (5). Also, cputime function in MATLAB is used to
compare the complexity of the proposed and conventional algo-
rithms.

4.2. Simulation results

Results in Fig. 2 depict VCL obtained for each subband when dif-
ferent ns are used. The thin dashed line in the figure denotes 7,
for the conventional algorithm. It is clear that the VCL decreases
when 7 increases or frequency band increases. The energy of the
true RIR tends to decrease in higher frequency bands, whereas
that of the noise is uniform. Consequently, n increases and VCL
becomes shorter in higher frequency bands.

Fig. 3 show the average Cso and Dso of the equalized re-
sponses obtained from RMINT. The results are segmented into
three groups along the x-axis depending on the reverberation
time. From the figures, it can be noted that 7;,, = 30,000 taps
yields the maximum equalization performance. The equalization
performance degrades as n decreases when 5,000 taps of input
RIRs are used whereas it is enhanced when 30,000 taps are used.
Cso drops 5 dB when 7, is 5,000 taps whereas it increases 5 dB
when 7, i 30,000 as n decreases from -5 to -20 dB. On the other
hand, Dso plummets as n decreases when 7T’ is long and 7;,, is
short. Also, the figures show that the performance of the pro-
posed algorithm is as good as the highest performance can be
obtained in the conventional method.

By combining the results depicted in Fig. 2 and Fig. 3, it can
be concluded that using only RIRs with high coherence in the
measurement process provides near-optimal performance. Even

40
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1 (qu) 5 1OSho1r? Medium Long

.
"1 5000 Taps "] 10000 Taps [N 30000 Taps [N VCL

(b)

Fig. 3: Average (a) Csg, and (b) D5 for channel length and
environment variation

though most of the RIRs are truncated in higher frequency sub-
bands, the performance degradation is insignificant compared to
the performance of the best case scenario. Also, when the mea-
sured RIRs are more reliable, longer RIRs are required to achieve
the near-optimal performance.

Finally, results in Table 1 show that the time elapsed in the
proposed algorithm is remarkably shorter than that elapsed in
conventional algorithm. The time elapsed to compute RMINT
algorithm ranges from 15 to 64 seconds using VCL, whereas
it takes over 300 seconds when 7;,, is 30,000 taps. Altogether,
the complexity of RMINT can be reduced significantly with only
small loss in equalization performance if VCL is employed.

5. DISCUSSION AND CONCLUSION

Two conclusions can be drawn from the simulations conducted
regarding the effect of temporal truncation of channel. Firstly,
the length of the viable channel should be considered separately
for each subband. Reverberation time varies for each frequency
due to the frequency dependent characteristics of the reflection
coefficients of the walls. Secondly, the length of viable chan-
nel depends on the recording environment. As reverberation be-
comes longer and the environment becomes quieter, the length
of viable channel becomes longer. Hence, the optimal method
would be to estimate the length of the viable channel upon the
measurement of RIRs.

Relation to prior work — Many literatures describe on im-
proving the performance of MINT algorithm for given RIRs, or
on improving RIR measurement techniques. However, not many
literatures have focused on the effect that the channel length has
on the equalization performance of MINT algorithm and how
they should be defined. The work presented in this paper pro-
vides insights to how and why the viable channel length should
be defined. Since the VCL can be estimated upon the measure-
ment of the RIR, it is applicable to scenarios of any environments
regardless of their reverberation time.
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