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TagedPAbstract
Shifting from a single to a multi-microphone setting, distant speech recognition can be benefited from the multiple instances of
the same utterance in many ways. An effective approach, especially when microphones are not organized in an array fashion, is
given by channel selection (CS), which assumes that for each utterance there is at least one channel that can improve the recognition results when compared to the decoding of the remaining channels. In order to identify this most favourable channel, a possible approach is to estimate the degree of distortion that characterizes each microphone signal. In a reverberant environment, this
distortion can vary significantly across microphones, for instance due to the orientation of the speaker’s head. In this work, we
investigate on the application of cepstral distance as a distortion measure that turns out to be closely related to properties of the
room acoustics, such as reverberation time and direct-to-reverberant ratio. From this measure, a blind CS method is derived,
which relies on a reference computed by averaging log magnitude spectra of all the microphone signals. Another aim of our study
is to propose a novel methodology to analyze CS under a wide set of experimental conditions and setup variations, which depend
on the sound source position, its orientation, and the microphone network configuration. Based on the use of prior information,
we introduce an informed technique to predict CS performance. Experimental results show both the effectiveness of the proposed
blind CS method and the value of the aforementioned analysis methodology. The experiments were conducted using different
sets of real and simulated data, the latter ones derived from synthetic and from measured impulse responses. It is demonstrated
that the proposed blind CS method is well related to the oracle selection of the best recognized channel. Moreover, our method
outperforms a state-of-the-art one, especially on real data.
Ó 2017 Elsevier Ltd. All rights reserved.
TagedPKeywords: Distant speech recognition; Channel selection; Cepstral distance; Reverberation; Direct to reverberant ratio; T60

1. Introduction
TagedPDespite the extensive efforts that have been made for reliable automatic speech recognition (ASR), the performance of many voiced based systems is still inadequate under certain conditions. For example, ASR is seriously
affected by the presence of reverberation, background noise, and overlapping speakers. In order to overcome these
I
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TagedPlimitations in distant-talking scenarios, some of the most effective strategies adopt the use of multiple microphones
(W€olfel and McDonough, 2009; Brandstein and Ward, 2001). There are many applications, e.g., in domestic environments, for which a significant improvement in terms of speech recognition rate can be obtained by deploying a
large number of microphones, clustered in arrays with specific geometries, and distributed in such a way to cover the
whole environment. A sparse distribution of single microphones in space, combined with an automatic channel
selection (CS), represents a simple and effective solution to limit the overall complexity of a distant speech recognition (DSR) system.
TagedPCS makes the reasonable assumption that among the acquired microphone signals there is one that can lead to a
better recognition performance than the others. In order to identify the related microphone, it is worth addressing
the attributes of the signal and the characteristics of the communication channel that shaped the uttered speech
from the source to the sensor, and depends on the speaker location, the head orientation, and the room acoustics.
The latter variabilities determine the overall reverberation effects that can be observed in the distant microphone
signal. Environmental noise, although it is not the main focus of this work, also represents a relevant issue, in particular when it is more concentrated in some areas, i.e., when it introduces more distortion into a subset of the
available microphones.
TagedPVarious CS methods have been presented in the literature, as reported in the following. Some of them rely on
measures that quantify the effect of the channel on the speech signals. Examples of these measures are the envelope
variance (EV) (Wolf and Nadeu, 2014) and the modulation spectrum ratio (Himawan et al., 2015). Also energybased techniques can be applied to CS, in particular under controlled conditions as when a calibrated set of microphones is available (Wolf and Nadeu, 2010).
TagedPIn a previous work, we presented an initial study of how objective signal quality measures, in particular the
cepstral distance (CD), can be successfully applied to CS problem (Guerrero et al., 2016). However, we believe
that an important requirement, for a more effective application of these quality measures to our problem, is an indepth understanding of their relationship with DSR performance. In order to address this missing link between CS
and DSR, this work aims to provide a novel methodology for assessing the performance and limitations of CS
methods, as far as reverberation effects are concerned. To the best of our knowledge, this represents the first
empirical study that characterizes, from a quantitative standpoint, the overall system behavior under parameters
such as the distance between the speaker and microphones, the speaker orientation, and the microphone network
configuration. Additionally, this work constitutes an extensive and deeper investigation of the CD based technique
outlined in Guerrero et al. (2016). We discuss the effectiveness of CD to characterize the reverberation in a room
e.g., relating it to the direct-to-reverberant ratio (DRR) feature, supporting its application to CS for DSR. Also, we
present evidence that shows that CD based CS is strongly related to an oracle selection of the best recognized
channels. Then, the investigated approach is analyzed under variations on the setup that regard the speaker position
and orientation, and the microphone network configuration. Finally, we extend our findings and confirm the benefits of applying CS to DSR with the use of real data, on which the proposed method achieves a better performance
than an EV based state-of-the-art method.
TagedPThe remaining of this paper is organized as follows. In Section 2 multi-microphone processing for DSR is discussed. Specific parameters of the room acoustics are presented in Section 3. An overview of the most relevant CS
methods is given in Section 4. CD based CS is elaborated in Section 5. In Section 6, details about the experimental
framework are provided. The activities and analysis performed on the different experimental settings, and their corresponding results, are presented in Sections 7 and 8. Finally, in Section 9 the conclusions of the study and possible
directions for future activities are discussed.

2. Multi-microphone processing for DSR
TagedPThe problem of DSR in a multi-microphone setting comprises, on one hand, the techniques used for multimicrophone speech processing and, on the other hand, the acoustic properties of the reverberant environments.
TagedPMulti-microphone speech processing approaches have proved their potential to significantly improve DSR performance in comparison to single channel solutions. Various architectures can be adopted to process the multiple inputs
in order to derive a single recognition output of a spoken utterance (W€olfel and McDonough, 2009; Kinoshita et al.,
2013).
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TagedPIn the most commonly exploited solutions, processing modules operate either at front-end or at post-decoding
processing level. These two cases are depicted in Fig. 1. As shown in Fig. 1a, front-end signal processing can be
used in order to extract a single signal that is then used as an input for the ASR system. Examples of such techniques
are beamforming (Brandstein and Ward, 2001) and CS (Wolf and Nadeu, 2014), both aiming at reducing the number
of signals to process at a subsequent recognition level. An effective practice consists in combining front-end processing approaches. As an example, Kumatani et al. (2011) presented a system where a selection of multiple channels
was performed for applying beamforming on a reduced set of signals. However, the use of beamforming limits the
scope of such methods to scenarios that employ microphone-arrays characterized by a very limited distance between
adjacent microphones. Inter-sensor spacing generally affects the resolution of spatial sampling in any array processing application (Van Veen and Buckley, 1988). In particular, this problem becomes critical in distant-speech applications, due to the broadband nature of speech (Flanagan et al., 1985; Ward et al., 1995).
TagedPPost-decoding processing approaches perform a combination of information at the last stage of the recognition
system, as shown in Fig. 2b. Renown methods, such as ROVER (Fiscus, 1997) and Confusion Network Combination
(Evermann and Woodland, 2000), require an individual, parallel recognition of each input signal before applying
their combination algorithms. Other methods, such as decoder-based CS (Obuchi, 2004) have also been explored.
The complexity and resource demanding nature of post-decoding processing solutions increases with the number of
captured channels.
TagedPIn any of the above cases, the design of effective multi-microphone DSR systems is challenging due to the distortions introduced by reverberation effects. Given the acoustics of the environment, and the position and orientation of the speaker, each channel between the source and one of the distant microphones is described by an
acoustic impulse response (IR). IR is the best possible descriptor of the convolutional distortion that is introduced
in the source signal, to transform it in a corresponding distant microphone signal. In principle, under non-noisy
reverberation conditions the knowledge of the IR would be sufficient to deduce the amount of reverberation characterizing each distant microphone signal, as well as its quality, and as a consequence the possible challenge in its
automatic recognition.
TagedPIn a real experimental environment, the IRs can be measured with the use of the exponential sine sweep (Farina,
2000), as detailed in Ravanelli et al. (2012). Alternatively, IRs can be synthesized through the image method (IM)
assuming a shoe-box geometry for a simulated room (Allen and Berkley, 1979). Unfortunately, in a real DSR application blindly estimating the IR from the distant-speech signal is not possible. However, extracting some IR-related

Fig. 1. Typical architectures for multi-microphone DSR.
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TagedPinformation from the reverberated speech signal can be of crucial importance as far as the problem of channel selection is concerned, as further discussed in the next sections.
3. Reverberation time and direct-to-reverberant ratio
TagedPWhen available, IRs can be exploited to estimate parameters that characterize the reverberation in a non-anechoic
room. Two important parameters are the reverberation time (T60) and DRR (Kuttruff, 2009; Jo and Koyasu, 1975).
The T60 is defined as the time required for a sound to decay 60dB from its initial level, after an abrupt cessation of
the source (Kuttruff, 2007). The DRR is defined as the ratio of the sound energy that arrives to the microphone
through a direct path, over the sound energy that arrives to the microphones after one, or multiple, reflections on the
various surfaces (Naylor and Gaubitch, 2010).
TagedPBoth parameters can be directly estimated from the IRs (Schroeder, 1965; Naylor and Gaubitch, 2010; Zahorik,
2002; ISO, 2008), and they can be derived in the full-band, expressed as single values representing all the frequencies up to the Nyquist rate, or in ISO-preferred frequency bands1. Nowadays, different systems are available to
derive T60 estimates, either in full-band or in sub-bands, starting from a synthetic or from a measured IR. As discussed in Cabrera et al. (2016), a good agreement between these estimates is generally found, if the IR is characterized by a regular decay curve and low enough noise floor. On the other hand, an accurate estimation of DRR from an
IR is a more difficult task, especially in the case of measured IR, due to the uncertainty in deriving the energy of the
direct-path (Naylor and Gaubitch, 2010).
TagedPOf course, these tasks become much more challenging in real situations in which IRs are not available. Although
different approaches have been proposed to estimate the aforementioned parameters blindly (Ratnam et al., 2003),
the results are still not satisfactory, particularly for the estimation of DRR. More details on state-of-the-art techniques in this field can be found in Eaton et al. (2016) that is related to the recent Acoustic Characterization of the
Environments (ACE) challenge. We believe that improvements in multi-microphone based DSR can also be
achieved taking into consideration reverberation parameters as blind DRR.
4. Channel selection
TagedPCS methods share the objective to detect the least distorted channel among the available ones, assuming that a
better match will result between the selected channel and the acoustic models of the DSR system. CS can be applied
either at front-end or at post-decoding level, commonly referred to as signal based and decoder based approaches,
respectively. In both cases, one relies on a specific measure which is optimized for the final selection. According to
the type of information exploited for the computation of their measure, these methods can be further categorized
into informed and blind methods.
TagedPInformed methods exploit measures computed with the use of prior information. Although not directly applicable
in a real scenario, they are interesting because they can be used to study the effectiveness of the related measures
under diverse reverberation conditions. In addition, such methods can be explored to derive an upper-bound performance (Wolf and Nadeu, 2010). In particular, the oracle CS which exploits the word error rate (WER) of each recognized signal in order to identify the best channel, can also be seen as an informed decoder-based method to use for
reference purposes.
TagedPAlthough most of the measures described in the literature can be easily modified to be used in an informed way,
very few authors have performed such a study. In Wolf and Nadeu (2009) measured IRs were used to verify the
assumption that DSR can be benefited from IR based CS. In Wolf and Nadeu (2010) the signal-to-noise ratio (SNR)
and the position/ orientation of the speaker were used for computing informed measures.
TagedPBlind decoder based CS methods use information such as the likelihoods or posterior probabilities, to assess the
quality of each channel. Therefore, it is not possible to apply decoder based techniques independently from the ASR
process. Some representative examples of such decoder based methods can be found in Shimizu et al. (2000), Obuchi
(2004), Obuchi (2006), W€
olfel (2007). A detailed review of this topic can be found in Wolf (2013). Although there is
the assumption that decoder based measures should present a higher correlation to WER in DSR, this has not been so
far proven in the literature (Wolf and Nadeu, 2014).
1

The experiments conducted in this work always refer to the use of full-band T60 and DRR, estimated from synthetic and from measured IRs.
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TagedPBlind signal based CS methods include, among others, the use of energy and SNR, cross-correlation between signals (Kumatani et al., 2011), and the modulation spectra of the original and the beamformed signals (Himawan et al.,
2015). As for energy based methods, for which one can refer to Wolf and Nadeu (2010), a critical issue is related to
the need of a preliminary gain calibration. Other measures, e.g. SNR, are generally more robust in non-calibrated settings. One of the most successful measures described in the literature is EV (Wolf and Nadeu, 2014). EV based CS
exploits the fact that the reverberation smooths the energy of speech signals. This is observed as a reduction in the
dynamic range of the envelope in the speech portions of the input signal. For the calculation of the EV measure, the
filter-bank energies (FBE) Xm(k, l) in channel m, sub-band k and time frame l, are first normalized as follows
Xbm ðk; lÞ ¼ e log Xm ðk;lÞmm ðkÞ ;

ð1Þ

where the mean value mm(k) is calculated over the logarithm of the FBE of the entire speech utterance. The mean
normalized sequence of FBE is then compressed with the application of a cube root function, and the variance Vm(k)
of each sub-band k, for each channel m, is extracted.
TagedPEV based CS selects the channel that maximizes the average variance over all channels:
X
Vm ðkÞ
b V ¼ arg max
:

ð2Þ
M
m
k max Vm ðkÞ
m

The application of a different weighting for each channel and sub-band in (2) was proposed in Wolf and Nadeu
(2014). However, to the best of our knowledge, no further elaboration of this concept has been described, and no
experimental evidence has been derived to support the use of such a weighting scheme.
5. Cepstral distance based CS
TagedPObjective signal quality measures have been exploited for many years in various speech processing applications
(Quackenbush et al., 1988; Loizou, 2013). Measures such as the CD, the log-likelihood ratio (LLR) (Hansen and
Pellom, 1998) and the frequency weighted segmental SNR (fwSSNR) (Tribolet et al., 1978) were initially introduced
in the speech coding community (Gray and Markel, 1976; Kitawaki et al., 1988; Furui and Sondhi, 1991) as a means
of measuring the amount of distortion introduced by a speech codec. In the 1980s, some of these measures were also
diffusely employed in the development of early speech recognition systems (Rabiner and Juang, 1993; Rabiner and
Schafer, 2011). Other examples of applications include speech enhancement, noise reduction (Rohdenburg et al.,
2005) dereverberation, and robust speech recognition, as more recently addressed under the REVERB challenge
(Kinoshita et al., 2013). Perceptually based measures, as PESQ (Rix et al., 2001), and composite techniques combining a subset of the aforesaid measures, also represent very effective approaches to measure speech quality.
TagedPIn general, as shown in Hu and Loizou (2008) as well as in other works, many of these objective quality measures
correlate well with subjective evaluation of signal quality. It is also worth noting that some of these measures were
explored in “non-intrusive” speech quality evaluation tasks, which do not require the access to the original clean signal. The ITU-T P.563 recommendation (Malfait et al., 2006) describes a standardized method based on LPC as well
as on cepstrum derived parameters.
TagedPThis background supports the fact that objective signal quality measures and, in particular, CD based ones, can
also be used for the selection of the least distorted channel for DSR (Guerrero et al., 2016). In our work, among the
various objective measures, CD was selected due to its long known effectiveness and flexibility in different application fields as well as its low computational complexity. Moreover, cepstrum based comparisons are equivalent to
comparisons of the smoothed log spectra of the signals (Rabiner and Schafer, 2011), a domain in which the reverberation effect can be viewed as additive (Huang et al., 2001).
TagedPIn this work, we use the truncated CD definition as in Hu and Loizou (2008):
sﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
p
X
10
dð ) c x ; ) c m Þ ¼
½ ) c x ðiÞ  ) c m ðiÞ2 ;
ð3Þ
2
log10
i¼1
where p is the number of cepstral coefficients. These coefficients are computed, as usually done in speech recognition, on windowed finite-duration segments of the input signal. As indicated in (3) the 0th order coefficient, associated with the energy of the signal, is disregarded.
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TagedPThe cepstral coefficient vectors ) c x and ) c m correspond to the reference and a distorted signal, respectively.
Based on the nature of the reference, the proposed method is characterized either as informed or as blind.
5.1. Informed channel selection
TagedPIn the informed CS method we assume the availability of the close-talk speech signal, x(t). Each distant microphone signal can be expressed as follows:
xm ðtÞ ¼ xðtÞ  hm ðtÞ þ nðtÞ

ð4Þ

where m is the microphone index, hm(t) is the related IR, and n(t) denotes a possible additive noise. As previously
pointed out, in this work we are assuming that xm(t) is not distorted by environmental noise. Indeed, environmental
noise can consist of contributions of very different nature, it can be generated by point vs diffuse sources, it can be
stationary or non-stationary, etc. Omologo et al. (1998). As the primary focus of this paper is on reverberated speech,
in the following we assume that the last term of (4) drops. Equivalently, in the short-time Fourier transform (STFT)
domain each distant microphone signal is expressed as
Xm ðt; vÞ ¼ Xðt; vÞHm ðt; vÞ:

ð5Þ

The complex cepstrum of Xm(t, v) is defined as the inverse Fourier transform of its complex logarithm. In practice, as
in many speech processing applications, the complex cepstrum is replaced here by the real cepstrum, which uses the
logarithm of the magnitude of Xm(t, v). This can be written as
logjXm ðt; vÞj ¼ logjXðt; vÞj þ logjHm ðt; vÞj:

ð6Þ

From this representation it can be inferred that the CDs dð ) c x ; ) c m Þ between the close-talk and the reverberated
signals are more affected by the set of IRs than by the content of the spoken utterance, that is deemphasized by the subtraction in (3).
TagedPGiven the set of CDs dð ) c x ; ) c m Þ; and assuming that the least distorted channel corresponds to the one nearest to the close-talk signal, the selection is performed as follows:
cx ¼ arg min dð ) c x ; ) c m Þ:
M
m

ð7Þ

5.2. Blind channel selection
TagedPSince in a real scenario the close-talk signal is not available, in Guerrero et al. (2016) we proposed a non-intrusive
way to estimate CDs, from which CS is performed. The method relies on the assumption that one of the distant
microphone signals is characterized by a higher DRR. This typically occurs when the speaker is oriented towards
that microphone and/or the speaker is located closer than the critical distance. The remaining channels are more
affected by several degrading factors, for example attenuation effects due to the multiple reflections and to the head
of the speaker.
TagedPBased on the above assumption, we proposed to compute a reference as the logarithm of the geometric mean of
the signals xm(t), in the magnitude spectrum domain:
Y
b vÞ ¼ log
jXm ðt; vÞj1=M
ð8Þ
Rðt;
m

1 X
logjXm ðt; vÞj:
¼
M m

ð9Þ

where Xm(t, v) is the STFT of the signal captured by microphone m, and M is the total number of microphones.
TagedPThe cepstrum computed from the reference is then used to calculate the distance between the reference
and each microphone signal dð ) cb
; ) c m Þ. The least distorted channel can be selected as the one furthest
R
from the reference:
b ¼ arg max dð ) c ; ) c m Þ:
M
b
b
R
R
m

ð10Þ

TagedP
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TagedPIn order to better explain the proposed method, we elaborate on (9), which with the use of (6) can be rewritten as:
X
b vÞ ¼ 1
½ logjXðt; vÞj þ logjHm ðt; vÞj
ð11Þ
Rðt;
M m
1 X
logjHm ðt; vÞj:
ð12Þ
¼ logjXðt; vÞj þ
M m
The second term of (12) represents an estimation of the average reverberation that affects the multiple instances of
the close-talk signal. Assuming to have a set of microphones uniformly distributed in space, with one characterized
by a substantially higher DRR than the others, the resulting reference will be strongly influenced by the latter ones,
i.e., it will be far from the former.
TagedPOf course, a favourable situation as the one previously outlined can not always be expected. For example, if all
channels are equally impinged by reverberation, the selection of a specific channel is not relevant for improving the
recognition performance. It is expected that in such cases the decoding of all the microphone signals will result in a
similar recognition error rate. For this reason, we focus on scenarios in which CS is meaningful, i.e., scenarios that
feature the speaker at favourable positions and/or orientations in relation to at least one of the microphones.
6. Experimental setup
6.1. Multi-microphone environments
TagedPIn this study, we use two experimental multi-microphone environments, namely the SQUARE and the DIRHA
rooms. These two rooms are schematically presented in Fig. 2 and Fig. 3, respectively. Their detailed characteristics
are given in Table 1. In both settings, the average distance between the speaker and the microphones fluctuates in
the range of 14 meters. In contrast to other studies performed in much reduced spaces, the distance explored in this
work implies that reverberation significantly affects the degree of signal distortion.
TagedPThe SQUARE room is simulated using IRs generated with our IM tool, which offers the possibility to set the orientation of the source with a given acoustic directivity pattern. Moreover, it gives a fine control of several other
parameters as, for example, T60. We simulated the speaker located at various positions, and at each position we simulated 36 orientations. The obtained rich set of positions/orientations, and microphone configurations constitutes a
strong experimental framework for the study of CS in a wide range of scenarios, from the most favourable to very
challenging conditions.
TagedPThe DIRHA room corresponds to the living-room of a real environment, a scenario taken from the DIRHA Project setup (Cristoforetti et al., 2014), see http://dirha.fbk.eu. This room is studied under two modalities: i) as a simulated realistic scenario created with measured IRs (Cristoforetti et al., 2014), and ii) as a real space, with the use of

Fig. 2. SQUARE room setting. Black dots indicate the microphone locations, and blue squares show the various positions of speaker. The red
squares and arrows indicate the channels used for training the acoustic models in the DSR experiments performed in this room. Orientations are
given as depicted on the polar coordinate system on the left. (For interpretation of the references to color in this figure legend, the reader is referred
to the web version of this article.)
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Fig. 3. DIRHA room setting. Black dots indicate the microphone locations, and blue squares show the various positions of the speaker. The red
squares and arrows indicate the channels used for training the acoustic models in the DSR experiments performed in this room. L1C, L2R, L3L,
and L4L denote high-quality microphones that are fixed on the wall, while LD07 is an electret microphone of a linear array standing on top of a
bookshelf. All the microphones are at a height of approximately 2 m. (For interpretation of the references to color in this figure legend, the reader
is referred to the web version of this article.)
Table 1
The main characteristics of the experimental environments.
SQUARE

DIRHA

Size (m)
T60 (s)
# microphones
# positions
# orientations

4.80 £ 4.80 £ 2.74
0.7
12
5
36

4.83 £ 4.51 £ 2.74
0.75
5
16
4

IM IRs
Measured IRs
Real data

yes
no
no

no
yes
yes

TagedPreal audio recordings (Ravanelli et al., 2015). In both cases, the set-up consists of a set of omnidirectional microphones connected with a professional multi-channel pre-amp and digital recording equipment, operating at
48 kHz/24 bit. The recorded signals are then downsampled to 16 kHz/16 bit for the experiments discussed in the
next sections. It is also worth noting that all the input channels are sample synchronized and calibrated at gain level.
6.2. Data sets
TagedPFor the DSR task, we use the Wall Street Journal (WSJ) corpus. A subset of the clean WSJ (WSJ0-5k) (Garofalo
et al., 1993) training set, comprising 7138 utterances, is used as source material for training. As shown in Figs. 2
and 3, the training sets were reverberated using IRs corresponding to a small set of positions and orientations for
each experimental room. These position/orientation/microphone combinations describe conditions in which the
speaker is directly oriented towards a microphone.
TagedPThe test material is extracted from the WSJ0-5k sub-set of the DIRHA-English (Ravanelli et al., 2015) corpus2.
From this corpus we use the clean material recorded in the FBK recording studio to generate the simulations using
measured IRs. Furthermore, from the same corpus we use real distant speech recordings that were captured in the
DIRHA apartment. The close-talk signals of the latter real data set were also captured by a head-set worn by the
speaker during the recording sessions. An ideal voice activity detection is assumed to be applied over the real data,
i.e., ground truth boundaries were used. Finally, it is worth noting that the recordings of real material in the DIRHA
apartment were performed under real conditions, i.e., with the environmental noise that typically characterizes a
domestic environment and, more critical, with reverberation effects that are represented by a T60 of about 0.75 s.
2

A public distribution of DIRHA-English WSJ data set is available through LDC. A phonetically rich data set is also available, as described in
http://dirha.fbk.eu/English-PHdev.
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TagedPIn the SQUARE room we use a data set which includes 120 sentences, referred to as WSJ120 data set. To
create this data set we randomly selected 20 utterances for each of the 6 speakers included in the WSJ0-5k
DIRHA-English corpus. Given the fact that each recognition experiment performed in this room is repeated for
the whole data set at each position and orientation, a preliminary experiment showed that this is a sufficient
number of utterances to consider.
6.3. Speech recognition
TagedPAll the recognition experiments are performed using the Kaldi speech recognition toolkit (Povey et al.,
2011). The experiment recipe is based on the one in Ravanelli et al. (2015), adapted to operate on the explored
multi-microphone scenarios. The acoustic features are 13 mel-frequency cepstral coefficients (MFCC), augmented with their first and second order derivatives. Additional feature transformations are applied, which
include linear discriminant analysis, maximum likelihood linear transformation, and feature space maximum
likelihood linear regression with speaker adaptive training. These feature transformation techniques have been
shown to be effective for distant talk speech recognition (Tachioka et al., 2013). The language model is the
baseline language model used in CHiME-3 (Barker et al., 2015), which is the standard 5k WSJ trigram. For
the recognition results we exploited a decoding system based on Deep Neural Network (DNN) acoustic
models, in the following referred to as dnn. The dnn system is trained following Karel Veselỳ’s setup (Veselỳ
et al., 2013) included in the KALDI toolkit. For the dnn configuration a context window of 11 frames is used
as input.
TagedPUsing DNNs, the recognition performance on the close-talk material captured in the FBK recording studio yields
a WER of 3.7%. Acoustic models trained on data simulated with IM IRs were used to decode test data also simulated
with the use of IM. Acoustic models trained on simulations generated with measured IRs were used to decode
simulated data based on measured IRs and real test data as well.
6.4. Channel selection methods
TagedPThe following methods are included in the evaluation:
agedPT oracle refers to an informed CS method that selects, for each utterance, the microphone corresponding to the
channel with the lowest recognition error rate.
TagedP CD informed corresponds to the informed CD based CS method that uses the close-talk reference, as explained in
Section 5.1.
TagedP CD blind is the blind CD based method that uses the reference described in Section 5.2.
TagedP EV is the state-of-the-art CS method, based on Envelope Variance (Wolf and Nadeu, 2013).
TagedPFor the calculation of the CD, the analysis step and window length are set to 10 ms and 25 ms, respectively, while
the order p is equal to 24. As mentioned before, the 0th order coefficient is discarded. The CD of an utterance is
calculated as an average over the CD of each analysis frame, a value which is truncated in the range of [0, 10] to
minimize the number of outliers, as in Hu and Loizou (2008). The EV measure is estimated with the same analysis
step and window length as above. The applied filter-bank consists of 20 sub-bands.
7. Experiments in the SQUARE room
TagedPIn this section we report the experiments performed in the SQUARE room setting, based on the use of IM generated IRs. Concerning speech recognition, all the experiments were conducted using the dnn system detailed in the
previous section.
7.1. Relation between CD and reverberation parameters
TagedPA first aspect to investigate concerns the relation between CD and reverberation parameters. As earlier outlined,
we assume that CD is able to characterize the reverberation present in a channel, in a way consistent with the

C. Guerrero Flores et al. / Computer Speech & Language 47 (2018) 314332

323

Fig. 4. DRR as a function of T60. T60 values range from 0.2 s to 0.9 s. which are reasonable for a domestic environment. The speaker is located at
P1 adopting three different orientations. We consider only the microphone M1.

Fig. 5. CD of a reverberated to a close-talk signal, in terms of increasing reverberation time. The WSJ120 data set is used here, with the speaker
located at P1 adopting three different orientations. In this experiment we consider only the microphone M1.

TagedPreverberation parameters T60 and DRR. As a starting point, in Fig. 4 we present the DRR3 as a function of T60 for
three different orientations 0o, 30o and 135o. It is observed that DRR directly relates to the orientation of the speaker
towards the microphone, with more directive cases, as for example 0o and 30o resulting in higher DRRs. To exemplify a case addressed in the following, when T60 is equal to 0.7 s the DRR is higher than 6dB in the range 30:
+30 degrees. Moreover, as expected, there is an inverse relation between T60 and the corresponding DRR, which is
respected in low, average and higher DRR cases, as the different orientations show.
TagedPAs a next step, for the same cases explored in the previous analysis, the average CD between the clean and the
reverberated signals is computed. The results are shown in Fig. 5, where it becomes evident that CD has a behavior
very similar to the DRR. The average4 distance monotonically increases along with the increasing T60 , i.e., CD is
expected to follow the DRR changes in an inverse fashion.
TagedPIn order to investigate the previously outlined relation between these parameters, in the following experiments we
report the variation of both measures under multiple orientations. The CD between the clean and reverberated signals
as a function of different orientations adopted by the speaker is presented in Fig. 6a. The DRR of the IRs used to
reverberate the corresponding utterance is shown in Fig. 6b. As expected, it is observed that when the speaker is oriented towards the microphone under consideration, i.e., orientation 0o, the minimum CD and maximum DRR are
measured. In addition, there is a clear inverse behavior between the two measures over all orientations.
TagedPNext, we perform the above experiment for a different position, and additional microphones. The set of CDs
between the close-talk signal and four reverberated instances, i.e., microphones M1, M4, M7 and M10, as a function
3

DRR is estimated from the synthetic IRs with the use of the IR_stats toolbox of MATLAB (Zahorik, 2002).
Note that here, and in some of the following experiments, CD is averaged over 120 utterances. Actually, a much smaller number of utterances
would be sufficient to converge to the same experimental evidence, in particular for lower reverberation times. Indeed, CD can be influenced by
the length and the contents of the utterance, especially with higher reverberation times and/or lower DRRs.
4
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Fig. 6. CD and DRR as a function of different orientations, for an utterance simulated with the speaker located at P1. Results are presented here for
the microphone M1.

TagedPof different orientations are shown in Fig. 7a. In Fig. 7b we present the DRRs of all the corresponding IRs. These
results confirm the previous insights concerning the relation between CD and DRR. In addition, this case illustrates
how these parameters vary under more complex conditions, for instance when the speaker is oriented towards a
microphone, but at a considerably larger distance. As an example, in Fig. 7, we can compare the curves computed

Fig. 7. CD and DRR as a function of different orientations for an utterance simulated with speaker located at P3. Results are presented, from top to
bottom, for the microphones M1, M4, M7 and M10. Dashed lines emphasize two orientations of interest in the related discussion.
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TagedPfrom signals captured by microphones M4 and M7, which represent cases of a near and a far microphone, respectively. When the speaker is oriented at around 130˚, i.e., direct towards M4, in the related sub-figures there is a clear
distinction of the lowest CD and highest DRR both over all orientations and over all microphones. On the other
hand, when the speaker is oriented at around 200˚, i.e., direct towards M7, although the curves are characterized by
a minimum CD and a maximum DRR, the distinction of these values is not so clear. This can also be related to the
average DRR decrease, and exposes a complex non discriminative scenario for the identification of the least distorted channel, even with the exploitation of prior information.
7.2. Relation between CD and WER
TagedPThe above findings provide an important basis for the use of CD as a means for selecting the least reverberant channel. However, a second assumption that has to be verified is that higher WERs correspond to
reverberated signals which present larger CDs from the clean signals. In order to study this aspect, in Fig. 8
we present the scatter graph for CD and WER value pairs. Each point relates the average CD between the
close-talk and the reverberated signals for the WSJ120 data set, and the average WER that results from decoding the reverberated signals.
TagedPIt is evident that CD is not only related to the reverberation time, as previously discussed, but also to the recognition rate. In fact, a clear trend can be observed that an increasing degree of signal distortion, as measured
by CD, corresponds to an increasing WER. For cases in which a speaker is directly oriented toward a microphone, associated to lower CDs, lower WERs are observed. As for the large fluctuations in WER that can be
observed in the plot, in case of CD higher than 4, it is worth noting that the speaking style of some subjects as
well as some more critical orientation angles cause a mismatch between input signals and acoustic model,
which only sometimes could be compensated for by the language model. Furthermore, from this experiment we
can extract some useful observations concerning the application of CD based CS for speech recognition using
reverberated speech based acoustic models. In the literature, clean acoustic models were used in order to evaluate the detection of the least distorted signal (Wolf, 2013). Under such conditions, even an oracle CS results
in a very low performance. However, the results reported in Fig. 8 prove that the use of reverberated
acoustic models, which guarantee a better overall performance, is a valid choice, as already shown in past work
(Matassoni et al., 2002).
7.3. Relation between CD based CS and oracle CS
TagedPAnother interesting study concerns the relation between CD based CS and oracle CS. In Fig. 9, we present
results obtained using WSJ120 data set, in terms of average WER on selected channels, with three different CS
methods: (i) oracle, (ii) CD informed and (iii) CD blind. We observe that the latter two methods follow the same
trend as the oracle.
TagedPIn order to better understand the curves in Fig. 9, let us associate them with the angles highlighted in Fig. 10. It
becomes evident that lower error rates are achieved when the speaker is directly oriented towards one of the closer
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Fig. 8. Distribution of the average CD, between close talk and reverberated signals, with relation to the average WER achieved by the reverberated signals. Each mark corresponds to different channels, i.e., M1, M4, M7, M10 of various orientations at position P2. Silence segments at the
start/end of the signal were removed to compute the CD.
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Fig. 9. WER for different CS methods when the speaker is located at the position P2 of the SQUARE room, with microphones M1, M4, M7 and
M10.

Fig. 10. When the speaker is located at the position P2 of the SQUARE room the orientations 60o, 150o, 210o and 300o correspond to the corners
of the room. When the microphones M1, M4, M7 and M10 are considered the speaker is directed towards one of them at the orientations 0o , 120o,
180o and 240o, respectively.

TagedPlocated microphones. Opposite to that, there are certain regions where an increase of WER is observed. These
regions correspond to the following geometric conditions:
TagedP The speaker is directed towards a corner of the room, and/or
TagedP The speaker is directed towards a microphone that is clearly more distant than the remaining ones, and/or
TagedP Due to the symmetry of the geometrical problem (e.g. speaker in P2 directed towards M7) the microphone is
impinged by a more significant contribution in terms of strong early reflections.
TagedPTable 2 presents a subset of the single distant microphone (SDM) recognition results. The first two rows
correspond to cases in which the speaker is oriented towards M1. Notice how this condition is reflected into a
much lower WER for the indicated microphone. The next set of orientations, around 60o, corresponds to cases
in which the speaker is oriented towards the top-right corner of the room. The last set of orientations, around
180o, corresponds to cases in which the speaker is directed towards a more distant microphone. For the latter
two angular regions, a slightly better performance is provided with M1 and M7, respectively. However, all
the available channels produce very similar WER. Therefore, it can be argued that any type of CS, even the
oracle one, is not relevant here. For this reason, in the following of this work we will give less emphasis to
such situations.
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Table 2
SDM WER (%) for speaker position P2 and microphones M1,
M4, M7, M10 of the SQUARE room.
orientation
o

0
10o
...
50o
60o
70o
...
170o
180o
190o
...

M1

M4

M7

M10

11.2
11.1

24.1
20.2

25.4
25.5

24.1
27.1

19.5
20.2
20.0

21.6
24.0
22.8

27.0
28.4
30.6

23.8
23.8
24.6

25.3
25.7
25.3

22.4
23.8
26.2

19.5
19.2
19.5

26.2
23.8
22.4

7.4. Effects of the setup on CD based CS
TagedPHere, we examine the effects that different acoustic scenes have in the performance of the investigated methods.
We consider two different aspects of the geometry of the SQUARE room which are first, the position and orientation
of the speaker and, second, the configuration of the microphone network. The WSJ120 data set is simulated at each
of the positions mentioned and with 36 different orientations.
TagedP7.4.1. Position and orientation of the speaker
TagedPA set of results that can be understood in an intuitive way is presented in Fig. 11. For this, we introduce a polar
representation in which the angle corresponds to the speaker orientation, and the radius to the rate, normalized to 1,
at which each channel is selected. Horizontally, each row of polar graphs corresponds to a different position of the
speaker, with the leftmost and center polar graphs showing the results of CD informed and CD blind, respectively,
and the rightmost graph showing the selection achieved by the oracle. In the latter one, it must be noticed that for
some cases the same WER was achieved by more than one microphone. In such cases all the selected channels contribute equally to the rate represented in the polar graph.
TagedPFocusing first on the left column concerning the informed method, the results can be explained in a very intuitive
way: the best channel corresponds to the microphone towards which the speaker is roughly directed. For example, at
position P1 the selected microphone changes every 90o, with the region at which a microphone is selected centred
around this microphone. A broad agreement between the CD based CS and the oracle is observed as well. When the
speaker moves closer to M1 (position P2) the region at which this microphone is selected is symmetrically expanded
around it. An interesting observation results from position P3, where the behavior of the informed CS is different
from the above cases, but can be related to reflections that arrive at the selected channel. For instance, for the orientation of 60o , the selection of M1 can be explained by the first set of reflections that arrive at this microphone from the
top wall. It also must be noticed that the selection at orientations between 180o270o, which is associated to situations with high error rates, shows nevertheless a high agreement between the oracle and the informed CS. Related to
this case, a further check of the analysis shown in Fig. 7 confirms that such uncertainty can be explained by the foreseen corresponding CD and DRR.
TagedPOn the central column of Fig. 11 notice how well the blind CS agrees with the informed one when the speaker is
located at positions P1 and P2. Disagreements start appearing at orientations that correspond to the corners of the
room, or to more distant microphones, for the same reasons discussed in Section 7.3. Such areas of disagreement,
that become wider for the positions P3, still correspond to orientations directed towards very distant microphones.
TagedPIn order to understand how the above polar plots correspond to recognition results, for each position the WER
averaged over all orientations is presented in Table 3. For comparison purposes, we also report the results obtained
with EV, which show the improvements provided by the proposed method in two out of three positions. From a
detailed analysis of the results in the position, P3, we found that the improvement obtained with EV is associated to
the orientations 180o 270o . This evidences an important difference between the two methods. When the microphone signals are all similarly impinged by a high degree of reverberation, EV efficiently selects the least distorted
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Fig. 11. Channel selection with the informed (leftmost column), blind CD based method (center) and oracle (right), for multiple positions and orientations of the speaker, and the use of the microphones M1, M4, M7 and M10.

TagedPone. However, when one less reverberant channel exists, the CD based method is more accurate in selecting it. Next
experiments on real data were conceived to further check this specific aspect.
TagedP7.4.2. Configuration of the microphone network
TagedPHere we discuss the behavior of CS for a set of 7 different microphone configurations, which involve a varying
number of microphones. In Fig. 12, we show the WER of the channel selected using either the informed or the blind
method, as a function of the WER of the corresponding oracle selection. Each microphone configuration is represented by a data point on the figure, and the average WER is calculated over all the studied positions and
Table 3
WER (%) for different positions, averaged over all orientations.
The CS is performed on a configuration over the microphones
M1, M4, M7 and M10.

SDM
oracle
CD informed
CD blind
EV

P1

P2

P3

22.46
14.92
17.05
18.18
18.88

22.40
13.67
16.44
17.22
17.30

21.59
12.72
15.38
16.88
15.42
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Fig. 12. The WER of the proposed CS methods as a function of the oracle WER. The different data points correspond to the microphone network
configurations, for each CS method. The numbers indicated in the text labels refer to the microphone indices as shown in Fig. 2. Each point corresponds to an average over all studied positions and orientations.

TagedPorientations. As expected, the oracle WER decreases when more microphones are used, since there is more often a
direct path between the speaker and one of the available microphones. The important finding however regards
the behavior of the proposed blind method, which is shown to follow the performance of the oracle CS. It can also
be observed that the CD informed is always slightly better than the CD blind method, which is reasonable given the
fact that it exploits information extracted from the close-talk signal.
TagedPApart from the number of the microphones, their spatial distribution is proved to be another important aspect.
For instance, notice the performance with settings 2.3.5.7.10.12 and 2.4.6.8.10.12. Although both settings comprise
a total of 6 microphones, we attribute the better performance obtained applying CD blind, with the former setting, to
the presence of microphone 3 that is closer to the speaker position.

8. Experiments in the DIRHA room
TagedPThis section is concerned with recognition experiments in the DIRHA room, which involve the use of two data
sets. The first one consists of reverberated speech generated by convolving the IRs measured in the real environment
and the clean speech acquired in the FBK recording studio. The second one includes real data recorded in a reverberant room, as reported in Section 6.2. The speech recognition results presented in this section were produced using the
dnn system detailed in Section 6.3.
TagedPThe data sets addressed in the previous section result from the application of IM tool to a limited number of
source positions, i.e., three. The two new data sets include a large number of position and orientations. However, as
outlined before, the main focus of these experiments is to investigate reverberant situations in which one of the captured signals is relatively less affected by reverberation. With this purpose, we selected only a subset of speaker positions and orientations, each determining at least one channel with a DRR higher than 6 dB (i.e., overall exploring
35 position-orientations, characterized by a range of distances between speaker and most directed microphone from
1.5 to 3 meters).
TagedPFor both data sets, DSR experiments were conducted with the following CS methods: (i) oracle, (ii) CD informed,
(iii) CD blind, and (iv) EV. Table 4 presents the WERs obtained with the SDM and with these four methods. The
improvement over SDM recognition performance when CS is applied becomes evident, both on synthetic and on
real data. First, the results achieved by the oracle highlight the potential recognition improvement that could be
achieved with an ideal CS. For this specific experiment, a reduction of around 40% over SDM WER is provided
with both data sets. A relevant experimental result is the relative improvement of about 34% of CD blind over EV,
which is observed with both test data sets. An extended comparison between the different methods in terms of WER
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Table 4
WER (%) of the SDM and various CS methods, for data sets
characterized by DRRs higher than 6dB. The last four rows
show the relative WER reduction (%) of blind CS methods over
SDM and over the oracle.
Measured IRs

Real

SDM
oracle
CD informed
CD blind
EV

18.0
9.95
12.60
13.47
14.03

16.60
9.68
12.04
12.90
13.26

CD blind to SDM
EV to SDM

Relative WER reduction (%)
25.17
22.06

22.31
20.14

CD blind to oracle
EV to oracle

35.38
41.01

33.26
36.98

CD blind to EV

3.99

2.71

TagedPreduction rate is also available in the table. However, a deeper experimental analysis on the EV method would be
required in order to fully confirm this interpretation.

9. Conclusions and future directions
TagedPThis work has proposed an effective approach to study CS for DSR. The focus was given to CS based on objective
quality measures, and particularly on the use of CD in an informed and a blind fashion. With the use of simulated
material we studied the relation between the CD and specific characteristics of the acoustic conditions. It was shown
that CD is closely related both to T60 and to DRR, a finding that endorses the use of CD measure in the context of
CS. Furthermore, CD was found to be related to the recognition rate as obtained by decoding reverberated signals.
The behavior of the proposed method was investigated through a series of experiments that cover the possible source
orientations, in a thorough way, under various speaker positions and microphone network configurations. The
informed CD based CS demonstrated an intuitive selection. The performance of the blind method was presented for
various conditions, showing a strong agreement with its informed version. Concerning the microphone network configuration, the use of more microphones installed on the walls closer to the possible locations of the speaker was
found to improve both the oracle and the CD based approaches. Finally, certain limitations of CS were outlined, for
example when a clearly best channel is not available. The applicability and effectiveness of the proposed method
under real-world conditions were then addressed. Experimental tasks of gradually increasing degree of realism were
tackled, which involve the use of measured IRs and real distant speech material. In both cases, the proposed blind
CD based method outperforms a state-of-the-art EV based one.
TagedPSome preliminary simulation experiments are being conducted, concerning speech signals deteriorated by both
reverberation and additive noise, which suggest that the proposed CD CS technique outperforms EV also in the latter
case. Future studies are planned to better investigate on it and on a possible joint use of the proposed CS technique
and of different strategies of multi-condition training for acoustic modeling (Huang et al., 2014; Yin et al., 2015).
Another possible direction to further improve noise robustness is the use of temporal modulation filters, as explored
in Moritz et al. (2016).
TagedPOther experimental results also show that the EV based CS performs better under more critical conditions characterized by lower DRRs. This fact suggests a possible next direction of study based on a joint use of CD and EV, to
take benefits of the strengths of both processing techniques.
TagedPOur future work also envisages the study of variants of the basic proposed method, including weighted CD, and
other acoustic features that can well represent the spectral contents of distant speech input. Moreover, other objective
signal quality measures, e.g., PESQ, and other features related to room acoustics, e.g., blindly estimated DRR, represent our next steps towards a deeper understanding of the possible achievements that can be obtained by CS methods
in DSR.
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