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ABSTRACT

This paper proposes a novel algorithm to estimate the direct-to-
reverberant energy ratio (DRR) using hearing aid microphones. The
algorithm is based on the interaural magnitude-squared coherence
of signals and is able to take both phase and level differences of
microphones signals in the binaural configuration into account.
We employ a spherical head model to approximate binaural cues.
The proposed algorithm uses the common assumption of an ideally
diffuse reverberation sound field. We test our approach on sig-
nals based on simulated and on measured binaural room impulse
responses. Results show improved performance of the proposed
algorithm as compared to other coherence-based DRR estimation
methods.

Index Terms— Direct-to-reverberant ratio, spatial coherence,
binaural hearing aids

1. INTRODUCTION

DRR is an important measure to describe an acoustic transmission
path and is beneficial in speech enhancement algorithms, e.g., for
dereverberation [1, 2, 3, 4, 5] or for speaker distance estimation
[6, 7, 8, 9]. Typically, DRR can be estimated from the measured
room impulse response (RIR) which practically requires an intrusive
measurement within the room or a blind estimation procedure. A
common assumption made for DRR estimation is to discard the en-
ergy of the early reflections and to consider only the energy of the
direct sound and the late reverberation which is modeled as a diffuse
sound field. Therefore, several studies have introduced the coherent-
to-diffuse ratio (CDR) [10, 11] as an estimator of DRR since a fully
coherent source implicitly represents the direct component.
Recently, most algorithms have made use of multichannel sig-
nals in order to estimate DRR. Broadly speaking, these methods can
be classified into two main groups of coherence-based [10, 12, 11]
and beamforming-based techniques [7, 8, 13, 14]. Coherence-based
algorithms estimate DRR by computing the coherence of micro-
phone signals and modeling the reverberant component as an ideal
isotropic noise field. Generally, the coherence (as defined in (13), see
below) is a complex-valued quantity and thus requires a proper map-
ping to a tractable positive real-valued DRR [10, 12]. The authors in
[11] introduce and compare a variety of CDR estimators including
DOA-dependent/independent and noise coherence aware/unaware
techniques. They investigate the performance of these methods on
a postfilter used for dereverberation. The binaural extension of this
algorithm [11] has been proposed in [15] where the authors employ
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Fig. 1. Binaural microphone array configuration with a source s, and
the coordinate system.

a frequency dependent interaural time difference [16] for DRR esti-
mation. The performance of various state-of-the-art algorithms for
DRR estimation has been investigated for real recordings in [17],
yet, the binaural DRR estimation is still less explored.

In this study we propose a binaural DRR estimation approach
using hearing aid (HA) microphones. Our algorithm is based on the
interaural magnitude-squared coherence (MSC) of microphone sig-
nals which results in a tractable real-valued measure for DRR esti-
mation. The authors in [18] also propose to use MSC for the estima-
tion of the diffuseness, however, without considering any directional
information. They report that the MSC-based diffuseness estimator
provides a better performance for 6; = 0 than for 6 = 7. The
proposed algorithm, however, takes the shadowing effect of the head
into consideration by employing joint binaural cues, namely, inter-
aural time/level differences (ITD/ILD). These cues are approximated
here using the spherical head model in [19]. The algorithm employs
a binaural direction-of-arrival (DOA) estimation technique [20] to
find appropriate binaural cues in order to align the phase and level
of the binaural signals. We also assume an ideal diffuse sound field
model for the reverberation.

The remainder of this paper is organized as follows. Section 2
describes the binaural signal model, the narrowband DRR, and the
ITD/ILD model used in this paper. Section 3 introduces the pro-
posed approach for DRR estimation using interaural MSC. Section
4 presents the evaluation results for the proposed approach and Sec-
tion 5 concludes this paper.

2. BINAURAL SIGNAL MODEL
In our scenario depicted in Fig. 1 we consider binaural signals from
a single source s(n) received by the microphones of two HAs. Using
the convolution operator * the received signal at the left (L) and right

(R) microphone is written as

?JL/R(”) :hL/R(n705)*S(n)? (1)
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where hp/r(n,0s) indicates the binaural RIR (BRIR) from source
s at azimuth angle 65 to the left/right microphone and n is the sam-
pling index. Note that we do not consider the effect of ambient
noise in our model. Based on the assumption that the effect of
early reflections is less prominent, we may decompose the BRIR to
hr/r(n,0s) = h(Ld/)R(n7 0s) + h(Ll;)R(n), where h@ and A" de-
note the direct and the late reverberant components, respectively. In
a binaural configuration the direct component of the RIR is mainly
characterized by the head-related RIR (HRIR). Therefore, for the
ease of notation we replace hid)R(n, 0s) with dpr(n,0s) in the
above equation. We thus write the signal model as

yr/r(n) = dp r(n,0s) * s(n) +rp/r(n), 2
where 77,/ r(n) = s(n) * h(Ll;)R(n) denotes the reverberant compo-
nent of the binaural signals at the left/right microphone. To analyze

signals in the STFT domain, we take a K —point DFT on overlapped
and windowed signal frames. Using matrix notation we thus obtain

Y(k7ﬂ) = D(kv OS)S(kv /1') + R(k7u)7 3)

where k, 11 denote the frequency and frame indices, respectively. In
this equation, D(k,05) = [Dr(k,0s), Dr(k,05)]” indicates the
vector of head-related transfer functions (HRTFs) for the source at
azimuth position 6. Here, Y (k,u) = [Y1(k, 1), Yr(k, 1)]” and
R(k,p) = [Rr(k,p), Rr(k,1)]" determine the spectral coeffi-
cients and the reverberant component of microphone signals, respec-
tively. Furthermore, we introduce the relative HRTF by dividing the
HRTF vector D by the reference (left) HRTF Dy, as

D(k,0.) = [1,G(k, 0,)&? MSo A7 0NT, )

where G(k,0s) = ‘%’ and A7(0s) = 7r(0s) — 72.(65) in-

dicate the ILD and ITD for the source angle 65, respectively. More-
over, ), = 27k/K denotes the angular frequency normalized to the
sampling rate fs using K DFT bins. We thus write the model (3) as

Y (k, 1) = D(k,05)X (k, 1) + R(k, 1), )

where X (k, 1) = Dr(k, 05)S(k, i) determines the non-reverberated
microphone signal of the reference (left) microphone. Since our im-
plementation works on single time-frames, we shall drop the frame
index p for convenience and reintroduce it only when necessary.
Taking the signal model (5) into account and assuming that the
direct and late reverberant components of microphone signals
are mutually uncorrelated, we may express the covariance matrix
®yy (k) = E{Y (k)Y " (k)} of microphone signals as

®yy (k) = D(k,0.)D" (k,0.)x x (k) + ®rr(k), (6)

where @ x x (k) indicates the power of the non-reverberated micro-
phone signal at the reference microphone. Moreover, the covariance
matrix of the reverberation tail ® rr (k) may be decomposed to

1 Tr,ry (k)

P k) = ®rr(k LR 7
rr(k) = ®rr(k) (FRRRL(]C) 1 )
where ®rr (k) indicates the power of the reverberant components
of microphone signals which is assumed to be equivalent across
all microphones. Additionally, 'r,r;, = I'r, Ry are real-valued
quantities indicating the coherence of the reverberant components
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of microphone signals which may be determined assuming an ideal
diffuse sound field as

sin(2Q fsac™t)

r k) = 8
RLRR( ) 20 faac—1 ) (3)
where a is the head radius and c is the speed of sound.
We thus express (6) as
Dyy (k) = )
1 Gk, 0,)ei s I=A7(02)
® . ’
XX(]C) (G(k,Qs)e_JQ’ffsATwS) GZ(k793)
1 I'r, r (k)
®rr(k LR .
+ RR( ) (FRL Rp (k) 1

Therefore, the ratio of the power of the direct and reverberant com-
ponents of the left and the right microphone signals is given by
nr(k) = 2};’;((:)), and nr(k) = G*(k,0s)nr (k). We thus obtain
the DRR for each frequency bin by averaging 1z, (k) and nr (k) as

14 G?(k,05) Pxx(k
() — LG E0) @xx (k)
2 (DRR(]C)
In order to estimate ITD and ILD cues we employ the spherical

head model in [19]. Given the coordinate system in Fig. 1, the ITD
and ILD cues are approximated respectively as

(10)

Ar(8,) = %(as +sin(6s)), (11)

dw? + 06%(0:)Q2 f2

Gk, 0s) = | =2 B sl his
(k:0:) =\ 202 52 (6.)02 12

12
where wo = ¢/a and 01,/ (0s) = 1.05+0.95 cos (1.2(0s £+ 7/2)).

3. BINAURAL DRR ESTIMATION USING MSC

A useful technique for measuring the spatial characteristics of acous-
tic environments is the coherence of microphone signals defined as

_ Py Yr (k)
\/(I)YL YL (k)q)YRYR (k) .

Taking the signal model (5) into account the coherence of the binau-
ral signals may be written as

Ty, vy (k) (13)

Ty vz (k) =
Gk, 05)®x x (k)e? 270D L & pp (KR, rp (k)
V(@xx (k) + Prr(k)) (G2(k,0,)x x (k) + Prr(k))

which is simplified with . (k) = Z)I‘?’;((;j;

(14)

)

to

Gk, 0:)e W27y (k) + Ty iy (k)
VO (k) + D(G2(k, 0 )ne (k) + 1)

In principle, 'y, v, (k) is complex-valued whereas the DRR is a
positive real-valued quantity. Therefore, different heuristically moti-
vated algorithms exist to estimate DRR from the complex-valued co-
herence. For instance, [10, 12, 11] consider a free-field microphone
array which results in G(k,0s) = 1 and nz (k) = nr(k) = n(k).
The authors in [15] extends the method of [11] to a binaural con-

(15)

FYL Yr (k) =



Table 1. A summary of DRR estimation algorithms.

algorithms | DRR cost functions n(k) =

Jeub [10] TRy Rp(k)—Re {FYL vg (k) exp{*jﬂkfsAT(Gs)}}
Re {FYL v () exp{—mkfsmws)}}—l

Thiergart

[12] Re { ryLz?SﬁiiL_{;gffyfﬁfgeg}

Schwartz | Re { exp{—jﬂkfsmwm(FRLRRw)—ryLyR(k))}

(1] Re {ryLwa) exp{—mkfsmws)}}—l

Zheng . .

[15] [11] using the ITD model in [16]

Proposed (20)

figuration using only the ITD model devised in [16]. In the present
work, however, we propose to estimate DRR by computing the MSC
of the microphone signals and taking the effect of joint ITD and ILD
into account. A summary of the state-of-the-art DRR estimation al-
gorithms are listed in Table 1.

We propose to solve (15) for 1z, (k) by computing the MSC of the
microphone signals which leads to the following quadratic equation

a1nz (k) + azn (k) + a3 = 0, (16)
where
a1 = G(k,0:) (1= [Ty, v (B)) (7
a2 = 2G(k, 0s) cos(Q fs AT(0:)) TR, R (K) (18)
— (14 G (k,05)) [Ty ve (B),
a3 =T, rp (k) = [Py vy (B)). (19)

The average DRR is thus estimated by solving the quadratic equation
in conjunction with (10) which is determined by

- binr 1+ G?(k,05) —az F \/a2 — 4aias
ki) = LG k0 : .
2 2a1

(20)

Here, the first solution (-) is always negative and thus not meaning-
ful. Therefore, the second solution to this quadratic equation (+)
indicates the estimated DRR. Under the assumption that 6; = 0, we
have G(k,6s) = 1 and A7 = 0. In this case, the DRR estimation
using the MSC is determined by

I'r, Rp (k) — ‘FYL Yr (k)l )
|FYLYR(k)| -1

~FF

usc (k) =

@n

For the computation of the coherence defined in (13), ®v,,v, , (k)
is estimated using the first order recursive temporal smoothing. In
order to obtain the broadband DRR we average the estimated nar-
rowband DRRs across low frequencies f < 1.8 kHz.

4. EVALUATION RESULTS

In order to motivate the necessity of using a binaural model in DRR
estimation algorithm, we evaluate the performance of the proposed
binaural DRR estimation algorithm in (20) and algorithms of Jeub
[10], Thiergart [12], and Schwartz [11] on simulated data. We sim-
ulate the coherence of the mixture of coherent and ideally diffuse
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Fig. 2. Comparison of coherence-based DRR estimation algorithms
including Jeub [10], Thiergart [12], and Schwartz [11], and the pro-
posed MSC-based approach (20) for a simulated data in two fre-
quency bands and for two speaker directions 6 = 0, 7.

signals as in (14) in two frequency bands. For the coherent source
we use the ITD and ILD model in (11) and (12) with a = 8.5
cm. We compute the coherence of the reverberant signal using (8).
We estimate the DRR for true DRRs in the range of 101log,,(n) €
[—20 : 5 : 20] dB. Figure 2 presents the DRR estimates for one
low and one high frequency example and for 65 = 0, 7. As can be
observed when the target is in front of the HA user all estimators
achieve unbiased estimation results. However, when the source is
not at f; = 0 the proposed MSC-based DRR estimation algorithm
delivers the most accurate and unbiased DRR estimate as the shad-
owing of the head is properly taken into consideration.

In our second experiment we use synthetic BRIRs. In order to
generate synthetic BRIRs we mix real HRIRs [21] and a synthetic
late reverberation tail as in (2) with an appropriate DRR. The late
reverberation is simulated by applying the exponentially decaying
envelope to a white noise sequence v(n) as [22, Chapter 13]

R (n) = exp (—%(fm)) v(n).

In our third experiment we use BRIRs recorded in a reverberant
room of dimensions 7.5 m X 6.3 m x 3.3 m. We record BRIRs us-
ing front microphones of a pair of behind-the-ear HAs attached to a
Head and Torso Simulator (HATS) [23]. Chirp signals were played
back from Genelec-2029B loudspeakers which are located at vari-
ous distances in the range of dirue € [50 : 50 : 300] cm w.r.t. the
HATS. The recordings were made under three reverberation times of
T60 = 0.4,0.7, and 0.9 s in that room.

(22)
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Fig. 3. Performance of DRR estimation algorithms using the pro-
posed binaural MSC (20), Jeub [10], Thiergart [12], and Zheng [15]
approaches on synthetic BRIRs for a reverberation time Tgg = 0.4 s
(top), Teo = 0.7 s (middle), Tso = 0.9 s (bottom) and for 65 = 7.

We then convolve BRIRs with a clean speech signal from the TSP
database [24] composed of a concatenation of 10 male and female
speakers, each of which has a duration of 8 s. The sampling fre-
quency is set to fs = 16 kHz. Signals are segmented using a Hann
window of length 32 ms with an overlap of 16 ms between succes-
sive DFT frames. The number of DFT bins equals K = 512.

In order to evaluate the performance of DRR estimation algo-
rithms we compute the DRR estimation error defined as e, /dB =

10log,, <L> , which shows the performance of each algorithm

Mtrue

in terms of over/under estimation error for each scenario. More-
over, we measure the segmental root mean-square error to evalu-
ate the overall accuracy of each DRR estimation algorithm given by

2
)) , where L = 10 is

L
RMSE, /dB = \/ S (10 101, (mfyu -
=1
the number of concatenated speakers as outlined before. Note that,
for the computation of the power of the direct path we consider 2 ms
in the neighborhood of the direct component and early reflections.
In order to approximate binaural cues, we first estimate DOA of the
speaker using the target-beamforming technique described in [20].

We compare our results with the method of Jeub [10] and Thier-
gart [12] which are based on heuristic mapping of complex coher-
ence in conjunction with the free-field propagation model and with
the method of Zheng [15] which integrates an ITD model in [16] to
the coherence-based DRR estimation of [11] '

Figure 3 presents the accuracy of DRR estimation algorithms on
synthetic BRIRs for §; = 7. In this Figure, each bar illustrates
the mean and the standard deviation of the DRR estimation error for
that particular DRR. Here, the standard deviation of errors describes
the robustness of the algorithm over different speech materials and

IThe authors acknowledge Jeub et al. [10] and Zheng et al. [15] who
kindly share their source codes.
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Fig. 4. Performance of DRR estimation algorithms using the pro-
posed binaural MSC (20), Jeub [10], Thiergart [12], and Zheng [15]
approaches on measured BRIRs for a reverberation time Tso = 0.4
s (top), Teo = 0.7 s (middle), Tso = 0.9 s (bottom) and for §; = 7.

speakers and is in general very small. According to this figure, the
proposed MSC-based DRR estimation algorithm achieves the least
RMSE on average, even though, for low DRRs the method of Jeub
[10] and Thiergart [12] outperform the proposed algorithm.

Figure 4 shows the result of DRR estimation algorithms on mea-
sured BRIRs for 65 = 7. It is observed that the proposed approach
outperforms the methods of Jeub and Thiergart that verifies the util-
ity of using the binaural model in conjunction with the MSC for
DRR estimation. Furthermore, our approach achieves relatively sim-
ilar performance w.r.t. the method of Zheng [15] by constraining the
averaging of the estimated narrowband DRRs across low frequency
bins. This implies that the closed-form MSC based solution for DRR
estimation gives a comparable result w.r.t. a well-explored heuristic
mapping of the complex coherence to real-valued DRR. Overall, all
algorithms provide small standard deviation which verifies their ro-
bustness against different speech signals. Further results (not shown)
indicate that the proposed method is robust across various speaker
DOAs.

5. CONCLUSION

In this paper we proposed a DRR estimation algorithm using HA
microphones. A common assumption in most DRR estimation al-
gorithms is to model the late reverberation as an ideal diffuse sound
field. We estimate DRR using interaural magnitude-squared coher-
ence which leads analytically to a real-valued DRR taking the binau-
ral configuration into consideration. In the proposed algorithm the
phase and level of binaural signals are aligned with binaural cues
approximated using a spherical head model. Results over simulated
and real data corroborate the overall robustness of the proposed al-
gorithm w.r.t. other coherence-based DRR estimation methods.
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