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Abstract

In this paper, a priori speech absence probability (SAP) esti-
mator is proposed for accurately obtaining the speech presence
probability (SPP) in a complex noise field. Unlike previous
techniques, the proposed estimator considers a complex noise
sound field where the target speech is corrupted by a coherent
interference with diffuse noise around. The proposed algorithm
estimates a priori SAP based on the normalized speech to inter-
ference plus diffuse noise ratio (SINR) being expressed in terms
of the speech to interference ratio (SIR) and the directional to
diffuse noise ratio (DDR). The SIR is obtained from a quadratic
equation of the magnitude-squared coherence (MSC) between
two microphone signals. A performance comparison with sev-
eral advanced a priori SAP estimators was conducted in terms
of the receiver operating characteristic (ROC) curve. The pro-
posed algorithm attains a correct detection rate at a given false-
alarm rate that is higher than those attained by conventional al-
gorithms.

Index Terms: speech presence probability, a priori speech ab-
sence probability, complex noisy environment

1. Introduction

The speech presence probability (SPP) is crucial for many ap-
plications, such as speech enhancement and dereverberation. A
general SPP estimator can be derived under the assumption that
the spectral coefficients of speech and noise can be modelled as
complex Gaussian random variables [1], and is often computed
using a priori and a posteriori SNRs, as well as a priori speech
absence probability (SAP) [2]. Theoretically, a priori SAP does
not depend on observation, and so, it can be set as a fixed value
[1,3,2]. However, in practice, the SAP varies with time and fre-
quency, depending on the words spoken [2]. Hence, it is more
appropriate to estimate the a priori SAP in each time-frequency
(TF) unit instead of using a fixed value.

Several algorithms have been proposed to estimate and up-
date a priori SAP. In [4, 5], a soft decision approach was pro-
posed using an assumption that the neighboring frequency bins
of consecutive frames in the speech presence region were highly
correlated. In this approach, the estimated SNRs were aver-
aged and mapped onto a value between zero to one for use as
an estimate of SAP. Although SNR is strongly correlated with
SAP, the accuracy of the obtained SAP is highly affected by the
noise estimation performance and the mapping function. Mean-
while, a multichannel a priori SAP estimator was proposed in
[6], where an estimate of the directional to diffuse ratio (DDR)
was utilized. Since this estimator does not require the statisti-
cal information of the noise or speech, the detection accuracy
is decoupled from the noise estimation performance. A more
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recent study [7] proposed an algorithm for determining a pri-
ori SAP based on magnitude-squared coherence (MSC) for a
dual-channel microphone system. This algorithm utilizes the
real and imaginary parts of the coherence function between the
input signals as a criterion for estimating the normalized SNR
[8, 9]. Thus, the algorithm requires neither an additional map-
ping function nor prior knowledge of the noise or speech statis-
tics.

It should be noted that most conventional SPP estimators
had been used assuming a diffuse noise field with one single di-
rectional target signal. In contrast, little attention has been paid
to complex acoustic noise fields existing together with back-
ground diffuse noise that propagates from all directions with
equal amplitude and a random phase [10]. The diffuse noise
exhibits a high correlation at low frequencies and a very low
coherence over the remaining frequency spectrum [10, 2]. In-
terference is a noise source incident from a specific direction
and is often highly correlated over most of the frequency com-
ponents. The above conventional SPP estimation techniques do
not consider the coherent interference, and so, produce biased
results.

In this paper, a priori SAP estimator in [7] is extended to a
complex acoustic environment in an effort to improve the per-
formance of the SPP estimator in a more practical and com-
plex noise field. In the proposed algorithm, the a priori SAP is
computed using two parameters: DDR and the speech to inter-
ference ratio (SIR). It is first shown that the normalized DDR
and SIR can be numerically expressed using the MSC of two-
channel observation signals. Computer simulations were con-
ducted in a situation where a frontal target speech was corrupted
by a directional interference with a surrounding diffuse noise.

2. General SPP estimation in dual channel
system

The observation signals of the dual-channel microphone system
can be represented in the frequency domain as

where S;(k,1) is the target speech at the ith-channel micro-
phone. k£ and ! denote the frequency bin and frame indices,
respectively. N;(k, 1) are observed noise signals, which can be
either white or colored, but are uncorrelated with S;(k, ). The
observed signals can be written in vector notation as y (k, 1) =
[Y1(k, 1), Y2(k,1)]", and the power spectral density(PSD) ma-
trix of y(k, 1) is defined as @, (k,1) = E[y(k,)y™ (k,1)].
Let us assume that Hi(k,1) and Ho(k, 1) are two-state hy-
potheses, which represent speech presence and absence, respec-
tively. Then, under the assumption that the desired speech and

http://dx.doi.org/10.21437/Interspeech.2016-894



noise components are modeled as complex multivariate Gaus-
sian random variables, we obtain the multichannel a posteriori
SPP estimate as in [1]:

p(k,1) = P[Hy(k,0)|y(k,1)]
3 q(k, 1) Bk, N
ey rewnl) @

where ¢(k,1) = tr[®,(k,1)®,.(k,1)] denotes the a priori
SNR, q(k,1) = P[Ho(k,1)] is the a priori SAP, and B(k,1) =

[1+ &(k,1)]exp {7

3. Proposed a priori SAP estimator in
complex noisy environment

3.1. Signal model in complex noisy environment

In an environment with complex noise, the dual channel input
signals can be represented in the frequency domain as
where V;(k, 1) is a directional interference and N;(k, 1) is the
diffuse noise signal. So, the noise in (1) is sum of the interfer-
ence and the diffuse noise, i.e., N;(k,1) = Vi(k,1) + N;(k,1).
The interference is a dominant directional noise, that is, the
dominant noise incident from a specific direction. Thus, it is
highly correlated with the two microphones signals. On the
other hand, diffuse noise, which is propagating in all directions
simultaneously with equal power and random phase, is often
uncorrelated with each other except at low frequency [10, 11].

The coherence between the two microphone signals can be
calculated as

_ q)%’QY (kv l)
VR (kD& (k, 1)’

where @gy(k, ) = E{Yi(k,1)Y; (k,1)},i,5 = 1,2 are cross-
and auto-PSDs of the microphone signals. For the algorithm
development, we assume that, E{S;(k,)V;"(k,1)} = 0, and
E{Si(k,[)N} (k,1)} = 0. We will omit the frequency and
frame indices whenever necessary.

According to the study in [7], the noisy coherence can be
the represented weighted sum of the directional signal and the
diffuse noise coherences:

Ty (k1) “4)

DDR, __DDR,
1+ DDR; DDRz+1

1 1
+n (k) (\/DDR1 +1 DDR, + 1)’ ©)

where I'p (k, 1) and I'y (k, 1) are the coherences of the direc-
tional signals and the diffuse noise, respectively. DDR;
(D% 4 Pii) /DY represents the true local DDR of the i-th chan-
nel microphone signal in a linear scale. According to the study
in [8], the DDR ratio can be approximated as

Ty (k,1) = Tp(k, 1)(

DDR; DDR, _ DDR
DDR,+1 DDRy+1  DDR+1’

6

where DD R can be either DDRy or DD R,.
Meanwhile, the input signal in (3) contains two directional
signal components: target speech and interference. Thus, the
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coherence of the directional signal components can be repre-
SIR, SIR;

sented as

1 1
+Fv(k’l)<\/SIR1 +1 SIR,+ 1>’

where I's(k,l) and I'v(k,l) are the coherences of the tar-
get speech and the directional interference, respectively. The
SIR; = ®%/®% represents the target speech of the interfer-
ence power ratio (SIR) at the ¢-th channel microphone. In [8],
it was shown that the ratio of the SIR has almost the same value
in the two channels. Thus, SIR can be approximated as

@)

\/ SIR, ~ SIR, __ SIR
SIRi+1 SIR,+1  SIR+1

®)

By substituting (6), (7), and (8) into (5), the coherence of the
noisy observation can be rewritten as

I'y =TsG-K+Tyv(l1-G)-K+TIn(l - K), )
where G = SIR/(SIR+ 1) and K = DDR/(DDR + 1)
are the normalized SIR and DDR, respectively. We note that
G - K, which represents the normalized speech to interference
plus diffuse noise ratio (SINR), is bounded as 0 < G - K < 1.
At higher SINRs, G - K approaches 1 and, thus, there is a high
probability of speech presence and vice versa. Accordingly, G -
K can be used as a criterion for determining the a priori SAP.

3.2. Proposed a priori SAP estimator

In the proposed algorithm, we assume that the target speaker
is located in front of a listener surrounded by diffuse noise,
and that the interference is coming from an arbitrary direction.
The interference can be anywhere around the listener except the
frontal direction. In addition, we utilize a real-value coherence
function of the diffuse noise field [11]:

In(k) = sinc(%),

- C

(10)

where d is the microphone spacing, /N is the maximum fre-
quency bin index, and f, and ¢ ~ 340m/s represent the sam-
pling frequency and the speed of sound, respectively. The target
speech and interference are assumed to be generated from a sin-
gle well-defined directional sound source, and thus the signals
received by the two microphones are perfectly coherent except
for a time delay. The coherence function of the directional sig-
nal, f‘c, is then expressed as in [8, 12], as follow:

fxc(k) _ ej?ﬁkfs(d/(l\l-c))sine an
where 6 is the angle of incidence. Based on the assumption
that the target speaker is located in the frontal direction, we ap-
proximate the coherence of the target speech to be, I's (k) ~ 1.
Therefore, the noisy coherence function in (9) can be rewritten
as

I'y = GK 4 (cos B+ jsin 8)(1 — O)K +I'n(1 — K), (12)

where 8 = 27kfs(d/(N - c))sinf, and 0, is the angle of
interference.



First, to obtain the normalized SIR GG, we compute the MSC
by taking the absolute square of I'y. After rearranging the
terms, we can obtain the following quadratic equation:

aG? + 2bG + ¢ = 0. (13)

a = 2K?*(1—cosf)
b = K1 —-cosp)(I'n(1—-K)—K)
¢ = In(l1-K)2cosBK +Tn(1-K))+ K> —|Ty|

By solving quadratic equation in (13), we obtain the two solu-
tions G1 = (—b++v/b? — ac)/aand G2 = (—b—+/b? — ac)/a.
It should be noted that the normalized SIR can be either G or
G2, depending on the dominant power of the signal. In a region
where the power of the target speech is dominant, G; represents
the normalized SIR we are seeking. On the other hand, in a re-
gion where the power of the interference is dominant, G5 tracks
the normalized SIR. To account for this power dependency, we
selectively choose between GG1 and G2, depending on the dom-
inant power of the current TF-unit:

2y —1)Vb? —ac—b

G=Giy+Gr(1—7) =" . ,

(14)

where v = 1 for a target-dominant region and v = 0 for an
interference-dominant region. Thus, to determine vy, we must
determine whether the processing region is dominated by the
target signal or interference. To this end, we utilize the phase
information of the noisy input signals. Since it is assumed that
the target speaker is located in the frontal direction, any nonzero
phase difference between the input signals is caused by interfer-
ence. Particularly, when the interference power is dominant, the
cross PSD ®32, will exhibit a nonzero phase. Thus, we deter-
mine the classification parameter ~y as

{1 if [/ <6
T=9 0

otherwise,

where § is a phase threshold, which is empirically set to 0.6 in
radian. Now, after obtaining I'y (k,) and fN(k, l) using (4)
and (10), we can readily obtain the normalized SIR, G, using
(13)-(15), but only if the terms cos S and K are available.

Several algorithms have been proposed to compute the
DDR from a noisy speech signal [6, 13]. However, these al-
gorithms were developed under the assumption that there is a
single directional target signal in a diffuse noise field. Thus, in
cases where the target speech is corrupted by a directional in-
terference plus diffuse noise, previous algorithms may produce
biased DDR values. As such, in this paper, we use the mini-
mum PSD tracking method [14] to obtain the normalized DDR.
Based on the fact that the minimum power of noisy speech is
approximately the same as the power level of the diffuse noise,
DDR can be estimated using a pre-measured minimum PSD of
the noisy input. To compute the ith-channel local minimum of
the noisy speech power, ®%,, we use a non-linear rule with an
averaging technique [14]. Then, we can compute the DDR as

Py —

follows:
i3
i, 0) '

By substituting (16) into (6), the normalized DDR can be com-
puted.

To obtain cos 3, we can use the method introduced in [7, 8],
where, first, we take the real and imaginary parts of the obser-
vation coherence in (12):

15)

DDR; = max ( (16)

R = GK(1l—-cosf)+TIn(l—K)+cosBK,
3 = sinf(l-G)K. (17)
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Figure 1: (a) PSDs of the input signal components (b) comparison of
the true and estimated SINRs
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Figure 2: Comparison of (a) the true and estimated a priori SAPs
using (b) the MSC-based estimator [7] and (c) the proposed estimator
(21)

After a few rearrangement steps, the above real and imaginary
terms can be combined into a single equation, as follows:

(sin BK — ¥)(1 — cos ) =sin f(Rcos BK — I'n(1 — K)).

Squaring both sides of (18) and using the fact that cos® 8 +
sin? 8 = 1, we have:

cos’ B(S°+ R — K —T'n(1 — K))?) — 28% cos B +
- R-K-Tn(l—K))>=0. (19
Thus, by solving the quadratic equation, cos 3 is obtained as

FP+R-K-Tn(l-K))?
2+ R-K-T'y(1-K))?

cosff = (20)
In (20), because the plus sign yields an indeterminate equation
that cannot be solved uniquely, we take the minus sign. By
substituting (20) into (14), we obtain the normalized SIR G. Fi-
nally, we directly approximate the probability of speech absence
using a combination of G and K, as given by:

a—K((2y—1)Vb? —ac—b) .

a

1-G-K = @1

qu

4. Simulation

Next, we examined the performance of the proposed a priori
SAP estimator and further compared it with those of existing
techniques, including the single-channel SNR-based estimator
in [4], the DDR-based estimator in [6], and the MSC-based
estimator in [7]. We extracted speech sentences from TIMIT
databases for the target signals and speech-like AR random pro-
cesses for the interferences binaurally convolved with HRIR

(18)
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Figure 3: The spectra of (a) clean and (b) noisy speech signals; SPP results obtained using the TF-unit dependent SAP controlled by (c) the SNR-based
[4], (d) the DDR-based [6], (e) the MSC-based [7] and (f) the proposed estimators

pairs, corresponding to the target and interference directions,
respectively. To simulate speech-like AR random processes,
we obtained the AR coefficients from real speech utterances
[15]. Later, we added binaural diffuse noise signals based on
the SNR. We segmented the noisy input signal into subframes
of 512 samples with a 50% overlap using a sine window at a 16
kHz sampling rate. All the implementation parameters for the
conventional algorithms were set to the values suggested in the
publications. We used 1st-order recursive averaging to estimate
the PSD and set the smoothing factor to 0.8 for all algorithms.
Figs.1-3 show the graphical comparisons for a situation in
which the frontal target speaker, corrupted by a directional in-
terference at 90° with a 5 dB SIR, was surrounded by modeled
diffuse noise at a 5 dB SNR. First, Fig. 1 shows a comparison
of the true and estimated combinations of the normalized SIR
and DDR. We can see that the proposed method yielded more
accurate results than the method used in [7], especially in the
region where interference has significant power. Fig. 2 com-
pares the final a priori SAP estimates, which also show that the
proposed algorithm extracted the target speech with a higher ac-
curacy than the method in [7]. The performance of the method
in [7] is seriously degraded by the existence of directional in-
terference. Fig. 3 shows the SPP maskers obtained using the
evaluated estimators. We can see from the plots that the SPP es-
timates based on the proposed a priori SAP are more accurate
than those by conventional algorithms. In particular, a compar-
ison of the DDR-based (Fig. 3(d)) and the MSC-based (Fig.
3(e)) methods with the proposed technique in Fig. 3(f) shows
that the target speech is better extracted from the interference
components. We further analyzed the performance of the pro-
posed SPP estimator by calculating the receiver operating char-
acteristic (ROC) curve, which is a parametric plot of the correct
detection rate versus the false alarm rate [16]. We used ten pairs
of speech sentences and averaged the results obtained for each.
We set the direction of the interferences to 90° in samples (a)
and (b), and to 230° in samples (c) and (d). We then added bin-
aurally recorded mensa noise from the ETSI database. We set
the overall input SIR and DDR to 0 dB and 5 dB, respectively, to
generate corresponding SIR and DDR conditions. The obtained
ROC curves are illustrated in Figs. 4, which show that the SPP
obtained using the proposed a priori SAP estimator achieves a
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Figure 4: ROC curves for (a) 0 dB, (b) 5 dB SIR and DDR with 90°
degree interference and (c) 0 dB and (d) 5 dB SIR and DDR with 230°

degree interference
significantly better detection rate than do the conventional algo-
rithms for most of SNR and noise conditions.

5. Conclusions

In this paper, we addressed the issue of a priori SAP estimation
for the SPP estimator. We estimated the a priori SAP using the
combined parameters of normalized SIR and DDR. We derived
the normalized SIR using the root of the quadratic equation
from the MSC and obtained the DDR from the pre-measured
minimum PSD of noisy speech. Unlike conventional methods,
we developed the signal model under the assumption of a com-
plex acoustic environment. Thus, the detection accuracy of the
proposed estimator can be increased in a mixed sound field.
Computer simulations indicate that the proposed method out-
performs earlier works with respect to the ROC curve.
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