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ABSTRACT

This paper investigates a multi-channel denoising autoencoder
(DAE)-based speech enhancement approach. In recent years, deep
neural network (DNN)-based monaural speech enhancement and ro-
bust automatic speech recognition (ASR) approaches have attracted
much attention due to their high performance. Although multi-
channel speech enhancement usually outperforms single channel
approaches, there has been little research on the use of multi-channel
processing in the context of DAE. In this paper, we explore the use
of several multi-channel features as DAE input to confirm whether
multi-channel information can improve performance. Experimental
results show that certain multi-channel features outperform both
a monaural DAE and a conventional time-frequency-mask-based
speech enhancement method.

Index Terms— Deep learning, denoising autoencoder, multi-
channel noise suppression, PASCAL ‘CHiME’ challenge

1. INTRODUCTION

Speech enhancement techniques including noise suppression, sepa-
ration, and dereverberation, have been developed over many years
[1-4]. In Particular, multi-channel approaches including beamform-
ing (e.g., [2]), source separation (e.g., [3,5]) and multi-channel
Wiener filter [6, 7], have been widely researched and employed in
many practical applications. One reason for this is that the multi-
channel approaches generally perform better than single-channel
(monaural) approaches due to their ability to utilize information
about speech source location, in addition to the speech and noise
spectral information.

On the other hand, deep-learning-based monaural speech en-
hancement methods have recently come to the forefront. For ex-
ample, Wang and Wang [8, 9] and Huang et al., [10] proposed em-
ploying deep neural networks (DNNs) for time-frequency mask es-
timation for speech separation. Moreover, some DNN-based ap-
proaches have also worked successfully for noise suppression [11]
and dereverberation [12—14] for robust automatic speech recogni-
tion (ASR). To obtain enhanced features for ASR, some of these
techniques [11, 12, 14] employ a denoising autoencoder (DAE) [15],
which is a neural network that is trained to reconstruct a clean speech
signal from its own noisy input. The DAE has been shown to have an
excellent feature enhancement capability for ASR. In addition, there
have been many successful DNN-based trials in the field of robust
ASR, e.g., [16-20]. Among these, the authors of [16] have reported
a notable result, namely that we can improve the ASR performance
when we use the estimated noise features as additional information
for DNN inputs. This is known as noise-aware training.
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Inspired by the abovementioned successful results for the DAE
approaches and noise-aware training, this paper explores the use
of multi-channel features for a DAE, and discusses suitable fea-
tures for multi-channel DAE-based speech enhancement. To the
best of the authors’ knowledge, almost all existing DAE-based
speech enhancement proposals have concentrated on single-channel
approaches, and there are only a few papers that discuss multi-
channel features as inputs to a DAE. A few papers have tried using
multi-channel features for DNN-based ASR systems: Narayanan
and Wang [17] have explored a variety of features for monaural
ASR, and [18] and [19] have reported the positive effect of certain
multi-channel features, such as simple channel-concatenated fea-
tures and enhancement speech with a beamforming, for DNN-based
ASR inputs. On the other hand, we explore multi-channel features
including channel-concatenation and noise-aware features for DAE-
based speech enhancement, and investigate whether multi-channel
information can improve performance.

The rest of this paper is organized as follows: Section 2 de-
scribes our multi-channel noise suppression task, and Sec. 3 reviews
the DAE. In Sec. 4, we present our proposed multi-channel DAE,
which employs multi-channel information for the DAE input. Sec-
tion 5 reports the results of noise suppression experiments conducted
by using the PASCAL ‘CHIiME’ database, and shows the perfor-
mance with each multi-channel feature. The last section concludes
the paper.

2. PROBLEM FORMULATION

This paper considers a multi-channel noise suppression task. An M-
channel noisy observation vector Yy 5 = [Yt(}), ey Y,(;u)] is given
as

Y: 5 = log{exp(Xt,r) + exp(Ne, 7)1}, 1)

where Xf?") and Nt(,mf) are the clean speech and noise log mel
filter-bank spectra, respectively. In this paper, we work in the log
mel domain, therefore, ¢ and f denote a time frame and a mel fre-
quency. Our objective is to obtain the denoised speech feature X ,(7;})
at a channel m, and then reconstruct the waveform of the denoised
speech. We consider here the stereo case (M = 2).
For the sake of simplicity, we use the following two notations:

(i) We denote the first channel feature

1
Yt.f = Yt(,f)

unless otherwise noted without loss of generality, and
(ii) a vector
Yt = [ytalf" s Yt fy e 7yt7F]7
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Fig. 1. Basic autoencoder

which denotes the log mel spectral feature vector of the first channel.
The same vector notations are used for other variables, including
clean speech x; and denoised speech X;.

3. DENOISING AUTOENCODER (DAE)

Let us first review autoencoders (AEs) as shown in Fig. 1. An AE
is a neural network, which is trained to output the same vector zgy¢
as its clean input vector z;,,. That is, the network learns parameters
to minimize the squared error between its outputs and target input
features. An AE is employed to pre-train a DNN and as a feature
extractor for ASR.

Denoising autoencoder (DAE) [15,21] is an extended version of
an AE, where the input vector z;, is corrupted by noise, but a DAE is
still trained to output a clean vector zqyt. That is, a DAE is a neural
network that learns the mapping between noisy and clean speech.
DAE parameters § = {W, b} are used to calculate the output of the
[-th hidden layer as

h'(z,) = oo (W'R" "V (z,) + b'),

where W' and b' are a weight matrix and a bias vector, respec-
tively. The function oy is a nonlinear activation function, and here
we utilize a sigmoid function. The first hidden layer h' is computed
as: h'(zj,) = 09(W'z;;, + b'), and the output layer has a linear
activation, i.e.,: zZoyt = fo(2j,) = WLh(L_l)(zin) + bk

The input vector z;, for a single channel (MONAURAL) DAE
is obtained by concatenating several frames of the noisy observation
features to account for left and right contexts, as

Zin = [Ye-T, - ¥t, Y1), 2)

where 7 is the context window size.
The output vector of the DAE consists of clean speech with the
same context as the input:

Zout = [Xe—T, Xty XetT) 3)

A DAE is trained in advance using a large amount of noisy and
clean stereo training data. During testing, an enhanced feature X is
obtained by propagating the noisy features through the DAE.

4. PROPOSED MULTI-CHANNEL DAE

The original DAE described in the previous section usually uti-
lizes MONAURAL noisy observation features as input features z;,
(eq. (2)). However, when we have multiple observations, it is natural
to consider the possibility of utilizing additional features that can
be obtained from the multi-channel observations. In this section,
we explain multi-channel features that can be added to the input
features of a conventional MONAURAL DAE, to take advantage of
multi-channel information.

Figure 2 shows the proposed multi-channel DAE. As the input
vector, in addition to the noisy observation vector y, we also employ
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Fig. 2. Multi-channel DAE for speech enhancement

the multi-channel information r;. The input feature of the DAE thus
becomes,

Zin = [(ye-7,ve-7), -, (Y6, Te), 5 (Yerrs Terr)]. (D)

We investigate several types of multi-channel information r; =
[re,1,-, Te,f,- ,7¢,7], Which will be discussed in the following
subsection.

The output vector for the DAE is the same vector as the original
monaural DAE output (eq. (3)): that is, the output vector for the DAE
training is the monaural clean speech vector.

4.1. Multi-channel information for DAE

Here, we explain several multi-channel features r; used as our input
vector (eq. (4)). We investigated the following features:

o Interaural level difference (ILD): The simplest multi-
channel feature is the interaural level difference (ILD). That
is, we consider the log mel feature of the second channel:

ey =-Y3. )

Because we are working in the log domain, eq. (4) with
(5) represents the level ratio between channel observations'.
Moreover, it is worth noting that the ILD information corre-

sponds to the channel concatenation (e.g., [18]).

o Interaural phase difference (IPD): The second multi-
channel feature is the interaural phase difference (IPD),
which reflects the location information of the target and noise
sources. Locational information is usually quite helpful for
speech enhancement. In this paper, we utilize the phase
difference ¢/ (s at the center frequency f’ of each mel
filterbank,

_ _ o(2) (1)
ref = Gy = co8(LY Gy = LY puipy) (O

where f’(f) is the center frequency of the f-th bin of the
mel filterbank, and Y; ; is the short-time Fourier transform
(STFT) coefficient of noisy observation. The cosine function
in eq. (6) is employed to wrap the phase information, whose
range is limited to — 7 < ¢ < 7.

e Mask for speech enhancement (SOFTMASK): By using
multi-channel information, we can estimate a time-frequency
“mask” for speech enhancement. For example, by clustering
the locational information (e.g., IPD) at each time-frequency

Nog(exp (¥, )/ exp(¥,7)) = log(exp(v,})) — log(exp(¥,'7))



slot, we can obtain a time-frequency mask that enhances
target speech [5,22,23]. In this paper, we consider a mel-
frequency domain softmask M, r [23] which is obtained by
transforming a locational feature clustering-based softmask
in the STFT domain into the mel-frequency domain (for
more detail, see eq. (40) in [23]). This paper defines the
SOFTMASK in the log-mel domain as

re,p = log(My, ;)*. )

In this paper, however, we do not use this feature directly,
as we found that the DAE training with eq. (7) sometimes
became unstable. Instead, we use ENHANCE feature defined
in the following, which can be shown to be equivalent to the
SOFTMASK feature as a DAE input.

e Pre-enhanced speech with SOFTMASK (ENHANCE):
We can also employ the pre-enhanced speech feature Z,
which is estimated with the abovementioned SOFTMASK as
shown in footnote 1, that is,

Te,f = Yi,r +1og(My ). ®)

It should be noted that the ENHANCE (eq. (8)) and the
SOFTMASK (eq. (7)) are equivalent for a DAE when used
with y; in multi-channel inputs (eq. (4)). This is because
the two types of multi-channel inputs can be transformed to
the same values by applying an affine projection to the DAE
inputs.

o Estimated noise with SOFTMASK (NOISE): In contrast
to the ENHANCE feature, we can utilize an estimated noise
with the SOFTMASK. The noise feature can be estimated by

re,p = Ye,r +log(1l — My y). (©)]

Note that this is equivalent to the multiplication of a noisy ob-
servation and a noise enhancement mask in the linear spectral
domain. It should also be noted that this feature corresponds
to a detailed version of the noise aware training [16], since we
use feature level noise estimates whereas [16] uses utterance
level noise estimates.

4.2. Enhanced sound reconstruction

After obtaining the enhanced features X, from the output of the DAE,
we reconstruct a waveform of the enhanced target speech signal with
the following procedure. First, we use the enhanced speech feature
I, to calculate the enhancement filter

_exp(@y)

= 10
t'f exp(y,f) a0

in the mel-frequency domain. Then, we transform the enhancement
filter W, ¢ into the filter Wt, ¢ in the linear frequency (STFT) do-
main, where f’ represents a linear frequency [24]. Then, the en-
hanced signal Z; s/ in STFT is obtained by multiplying the STFT
coefficient of noisy observation ; ;- and the filter W, ;. Finally,
the waveform of the enhanced signal is calculated by using the in-
verse Fourier transform of Z; ;.

2 An enhanced speech feature 24,y can be represented using the SOFT-
MASK as & § = log(M; s exp(ys,f)) = log(My ¢) + y¢, 5. Note that
24,5 and yy, 5 are log spectra.
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5. EXPERIMENTS

5.1. Experimental setups

We investigated multi-channel DAE performance using the PAS-
CAL ‘CHIME’ challenge task [25]. The test utterances of the
CHiIME challenge consist of speech commands in the presence of
living room noise that are recorded with two distant microphones.
The commands were always spoken in front of the microphones
with a fixed distance of 2 meters between the speaker and the mi-
crophones. Therefore, the locational variation of the target speech is
limited in this task. On the other hand, the noise was collected in a
real living room and it includes highly non-stationary noises, such
as children’s voices, vacuum cleaners and televisions.

5.1.1. DAE evaluation setup

We utilized a DAE with a single hidden layer of 1024 units. The
clean and noisy speech features were 40 log mel filterbank coeffi-
cients without their delta and acceleration. The multi-channel fea-
tures were also calculated in the mel frequency domain with 40 fil-
terbanks. Here, 5 left and 5 right context frames were employed both
for the DAE input and output layers. The window size and frame
shift for DAE feature calculation were set at 100 ms and 25 ms, re-
spectively.

The training data consist of utterances spoken by the 34 speakers
and 6 hours of background noise data. The clean training data is
noise free, but corrupted by reverberation.

We used the development set of the CHiME challenge database
as the evaluation set, because the test set does not include clean ref-
erence signals and thus cannot be used for speech enhancement eval-
uation. The development set of the CHiME challenge includes 600
noisy utterances at SNRs ranging from —6 to 9 dB.

5.1.2. Evaluation metrics

As noise-free (reverberant) utterances are available for the develop-
ment set, we can evaluate both the noise suppression performance
and the command (keyword) recognition accuracy [25].

The noise suppression performance was evaluated in terms of
the segmental signal-to-noise ratio (SSNR) and the cepstral distor-
tion (CD).

For the keyword recognition, we utilized our DNN-based ASR
back-end system [20], where we employed 40 log mel filterbank co-
efficients with their delta and acceleration, and 5 left and 5 right
context windows as the DNN input. Note that the window size and
frame shift were different for enhancement and recognition. For
recognition we used standard settings of 25 msec and 10 msec for
the window size and frame shift, respectively. The DNN structure
had 6 hidden layers (2048 units each) and 254 output HMM states.
We used two types of acoustic models; one trained with noise free
data and one trained with multi-condition training data. In the lat-
ter case the amount of training data was 42 times that used for the
noise-free case [25]. Note that we did not retrain the DNN used for
recognition with the enhanced speech, and consequently the results
obtained with the multi-condition model may not be optimal.

5.2. Experimental results

Figure 3 shows the average CD calculated over the 1st to 12th or-
der cepstral coefficients and the average SSNR. Here, the entire
training set of 34 speakers was utilized for DAE training, and the
development set of all 34 speakers was evaluated. In the figure, bars
labelled “SOFTMASK” and “MONAURAL” show the enhance-
ment results with SOFTMASK based speech enhancement without
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Fig. 4. Result for speaker-open development set.

a DAE, and with the monaural DAE (see Sec. 3), respectively.
The results labelled “MONAURAL+ILD”, “MONAURAL+IPD”,
“MONAURAL+NOISE”, and “MONAURAL+ENHANCE” repre-
sent the multi-channel DAE performance with the corresponding
multi-channel features. We can see that the multi-channel DAEs
(except with the ILD feature) outperform the monaural DAE, and
we obtain the best performance when we employ the "MONAU-
RAL+ENHANCE” feature. In our experiments, the ILD feature did
not work well. This is due to the recording setup of the CHiME
challenge, where the commands were always spoken in front of the
microphones, and the locational variation of the target speech was
limited.

Table 1 (a) and (b) summarize the keyword recognition accu-
racy with (a) a noise-free acoustic model and (b) a multi-condition
acoustic model. With a noise-free model (Tab. 1(a)), the DAEs
with multi-channel features (except the ILD) provided greater im-
provement than the conventional SOFTMASK and the monaural
DAE. With a multi-condition model (Tab. 1(b)), the superiority of
the multi-channel DAE is not as such large as with the noise-free
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Table 1. Keyword accuracy in %. "M+ means “MONAURAL”.
(a) With noise-free model:

-6dB -3dB 0dB 3dB 6dB 9dB| Avg.
OBSERVED 38.17 40.17 51.83 65.42 75.75 85.00|59.39
SOFTMASK | 44.67 48.92 61.50 74.08 83.50 87.00|66.61
MONAURAL |63.33 65.08 74.87 81.67 86.50 89.75|76.83
M+ILD 59.00 62.83 71.50 79.58 83.58 87.33|73.97
M+IPD 64.83 68.42 76.25 82.67 88.33 90.25|78.46
M+NOISE 68.00 70.42 78.25 84.83 88.50 90.75|80.13
M+ENHANCE | 69.75 74.08 81.42 86.58 89.83 91.50|82.19

(b) With multi-condition model:

-6dB -3dB 0dB 3dB 6dB 9dB| Avg.
OBSERVED 81.00 86.25 90.08 93.50 94.83 96.50 | 90.36
SOFTMASK 83.42 87.67 91.00 93.00 95.25 96.00|91.06
MONAURAL |81.17 84.67 87.58 92.17 94.75 95.75|89.35
M+ILD 80.00 83.75 87.92 91.67 93.17 95.50|88.67
M+IPD 81.00 86.17 88.83 92.17 94.75 95.08 | 89.67
M+NOISE 82.42 86.00 90.75 93.50 95.00 96.25|90.65
M+ENHANCE | 82.83 86.92 91.25 93.92 95.42 96.42|91.13

model®. However, the multi-channel DAE still works better than the
monaural DAE, and we also obtained the best performance with the
ENHANCE feature.

5.3. Discussion

The CHIiME task employs the same speakers for the training and
evaluation sets. Consequently, Sec. 5.2 presents results for a speaker
closed case. To confirm the applicability of the multi-channel DAE
to the speaker independent training, here we looked at the perfor-
mance for a speaker-open case, where we trained the DAE with only
4 speakers taken from the 34 speakers of the training set and evalu-
ated the performance of the 30 remaining speakers.

Figure 4 shows the average CD and SSNR results. Even for the
open speaker test data, the multi-channel DAE still outperforms the
monaural DAE. Moreover, we obtained the best performance with
the “MONAURAL+ENHANCE” feature.

Next, let us compare the results of a DAE with MONAURAL
and ENHANCE input features (“MONAURAL+ENHANCE”) with
a DAE that only uses ENHANCE features “ENHANCEDonly”. As
seen in Fig. 4, in our experiment the “ENHANCEDonly” feature
performs worse than the “MONAURAL+ENHANCE?” feature.

6. CONCLUSION

We investigated several multi-channel input features for a DAE, in-
cluding the ILD information (=channel-concatenation), IPD, esti-
mated noise (=noise-aware), and pre-enhanced speech signal. We
found that some multi-channel features outperform the monaural in-
put features in terms of cepstral distortion, segmental SNR and key-
word recognition accuracy. We obtained the best performance when
we input the monaural and pre-enhanced speech features together
as the DAE input vector. Future work includes exploring the opti-
mal number of hidden layers and units, and the optimal window and
shift sizes. Additional evaluations for different databases (e.g., AU-
RORA2/4 and AMI meeting data), and different tasks (e.g., speech
separation) also remain for future investigation.

3Note that this may be due to the mismatch between the training and test
conditions because we use a DNN trained on noisy speech. We expect that
performance would increase if we would retrain the acoustic model using
training data processed with the DAE front-end.
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