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Abstract

In real-world situations, speech reaching our ears is commonly corrupted by both room
reverberation and background noise. These distortions are detrimental to speech intelligibility and
quality, and also pose a serious problem to many speech-related applications, including automatic
speech and speaker recognition. In order to deal with the combined effects of noise and
reverberation, we propose a two-stage strategy to enhance corrupted speech, where denoising and
dereverberation are conducted sequentially using deep neural networks. In addition, we design a
new objective function that incorporates clean phase during model training to better estimate
spectral magnitudes, which would in turn yield better phase estimates when combined with
iterative phase reconstruction. The two-stage model is then jointly trained to optimize the
proposed objective function. Systematic evaluations and comparisons show that the proposed
algorithm improves objective metrics of speech intelligibility and quality substantially, and
significantly outperforms previous one-stage enhancement systems.
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. Introduction

IN daily listening environments, reverberation from surface reflections in a room and
background noise from other sound sources both distort target speech. These distortions,
particularly when combined, can severely degrade speech intelligibility for human listeners,
especially for hearing-impaired (HI) listeners [9]. Moreover, a lot of speech-related tasks,
such as automatic speech recognition (ASR) and speaker identification (SID), become more
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difficult under these adverse conditions [7], [23], [1]. Therefore, solutions to denoising and
dereverberation will benefit human listeners and many speech processing applications.

Given the importance of the problem, a lot of effort has been made in the past decades to
combat noise and reverberation [33], [24], [27]. In recent years, deep neural networks
(DNNSs) have been widely employed for speech enhancement or separation. Substantially
better performance over conventional speech enhancement methods has been reported in
many studies [37], [39], [42], [16]. The basic idea is to formulate the enhancement or
separation problem as a supervised learning problem, and then utilize DNNs for supervised
learning. For more discussion on deep learning based speech separation, we refer the
interested reader to a recent comprehensive review [34].

Despite the large number of recent studies for DNN-based speech enhancement, few address
both denoising and dereverberation. To separate noisy-reverberant speech, Han et a/. [15]
proposed a spectral mapping algorithm to perform denoising and dereverberation
simultaneously using a single DNN. The idea is to learn a mapping function from the
spectrum of noisy-reverberant speech to that of clean-anechoic speech. However, informal
listening with human subjects indicates no evident improvement on speech intelligibility.
Zhao et al. [44] pointed out that this is likely because different natures of noise and
reverberation make them difficult to address together. Generally speaking, background noise
is an additive signal to clean speech, while reverberation is a convolution process with a
room impulse response (RIR) [43]. Taking this difference and human tolerance of room
reverberation [8] into account, Zhao et a/. [44] learned a mapping function to the spectrum
of noise-free reverberant speech, without performing dereverberation. On this task, they
reported speech intelligibility improvements for HI listeners in some noisy-reverberant
conditions. Another recent work on noisy-reverberant speech enhancement is time-
frequency masking in the complex domain by Williamson and Wang [40]. They introduced a
complex ideal ratio mask (cIRM) using clean-anechoic speech as the desired signal for
DNN-based enhancement. Experiment evaluations show that cIRM estimation outperforms
Han et al’s spectral mapping approach [15]. Like the spectral mapping method, they attempt
to remove noise and room reverberation in one processing stage.

We believe that denoising and dereverberation should be addressed separately, due to their
fundamental differences. In this paper, we propose a two-stage system to enhance noisy-
reverberant speech. In the proposed system, we first develop two DNN-based subsystems
that are trained for denoising and dereverberation individually. Then, we concatenate these
pretrained DNNs to perform joint training. It is worth noting that the strategy of performing
denoising and dereverberation in a step by step fashion was adopted previously [21]. This
study first removes additive noise by using spectral subtraction, and then removes late
reverberation from the noise-suppressed reverberant signal by a multi-step linear prediction
dereverberation algorithm. Different from this previous study, we use DNNs for denoising
and dereverberation and perform joint training afterwards. Previously, joint optimization has
been applied to robust speech recognition tasks [25], [6].

Furthermore, motivated by the time-domain signal reconstruction technique [38], we
propose a new objective function that incorporates clean phase to calculate the mean squared
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error (MSE) in the time domain. We find that this new objective function leads to
consistently better performance in objective speech intelligibility and quality metrics.

The main contributions of this study are twofold. First, we propose a DNN-based two-stage
framework to enhance noisy-reverberant speech. Second, we incorporate clean speech phase
into the objective function to perform system optimization to obtain a better magnitude
spectrum estimate. A preliminary version of our study is published in [45]. Compared with
the previous conference paper, in this study, we investigate the two-stage system in more
noisy-reverberant conditions, including more types of noise, untrained signal-to-noise ratios
(SNRs), untrained reverberation times, recorded RIRs, and different speakers.

This paper is organized as follows. In Section I, we first describe the signal model for the
noisy-reverberant speech. Then, the proposed two-stage enhancement algorithm and
objective function are presented. Experimental setup and evaluation results are given in
Section 111 We conclude this paper in Section IV.

Il. Algorithm Description

In this section, the noisy-reverberant signal model is first introduced. We then describe our
noisy-reverberant speech enhancement algorithm. Fig. 1 shows the diagram of the proposed
system, which consists of three modules: a denoising module, a dereverberation module and
a time-domain signal reconstruction (TDR) module. We point out that the TDR module is
only utilized during training and removed during testing. The three modules are introduced
in detail in the following subsections.

A. Signal Model

Fet s(8), x(9, n(f) and A(?) denote anechoic speech, reverberant speech, background noise and
room impulse response function, respectively. The noisy-reverberant speech (2 can be
modelled by

y(0) = x(t) + n(t) = s(t) * h(t) + n() (1)

where * stands for the convolution operator.

The objective of this study is to recover the anechoic signal s(2 from the corresponding
noisy-reverberant observation J(4. This mathematical model suggests the proper order of
denoising and dereverberation. Since () is generally uncorrelated with the desired signal
S(9 and the reverberant speech x(9), it is natural to remove the noise from y(J first and then
to recover the anechoic speech.

B. Denoising Stage

Given a noisy-reverberant utterance, the aim of this stage is to remove the background noise
while keeping the reverberation untouched. In other words, the target signal of this
processing stage is the noise-free reverberant speech. In order to suppress noise, we adopt
the commonly used time-frequency (T-F) masking framework. Specifically, the ideal ratio
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mask (IRM) is estimated by employing DNN. Then, the predicted mask is applied to the T-F
representation of noisy-reverberant speech to perform denoising as shown in Fig. 1. Recent
research [3] using DNN to estimate the IRM for segregating speech from background noise
has shown substantial speech intelligibility improvements for HI listeners.

Within DNN-based speech enhancement, an alternative method is to directly estimate the
log-magnitude or log-power spectrum of clean speech [42], [36]. However, a study on
training targets [36] suggests that masking-based targets tend to outperform mapping-based
ones in both objective speech intelligibility and quality. With room reverberation added, our
previous work [44] also indicates that the adoption of masking-based targets can bring
significant performance improvements over mapping-based targets.

Based on the above observations, we employ a DNN with 3 hidden layers to predict the IRM
in order to remove the noise from noisy-reverberant speech. Since the training target, the
IRM, is bounded between 0 and 1, a sigmoid activation function is used in the output layer.

The denoising IRM is defined as follows [36],

X2(m, f)
X2(m, ) + N*(m, f)

IRM(m, f) = \/ )

where X2(m, f and A2(m, f denote the energy of reverberant speech and background noise,
respectively, at time frame m and frequency channel 7 As shown in Fig. 1, the magnitude
spectrum of noisy-reverberant speech is then multiplied by an estimated IRM to form the
input to the next dereverberation stage processing.

A set of complementary features is adopted as the input for this stage [35], i.e., 15-
dimensional amplitude modulation spectrogram (AMS), 31-dimensional Mel-frequency
cepstral coefficients (MFCC), 13-dimensional relative spectral transform perceptual linear
prediction (RASTA-PLP), 64-dimensional Gammatone filterbank power spectra (GF), and
their deltas. Therefore, for each time frame, the feature dimension is 246 (2x
(15+31+13+64)). We note that this set of features is originally introduced for denoising in
anechoic environments. A 11-frame context window is utilized to encompass the input
features (see Section Il1).

C. Dereverberation Stage

After the suppression of background noise, the original problem is reduced to recovering the
anechoic speech s(4) from the reverberant speech x(2). To perform dereverberation in this
stage, we follow the spectral mapping method proposed by Han ef a/. [14]. The choice of
spectral mapping is also motivated by the fact that masking is well justified for separation as
speech and noise are uncorrelated but uncorrelatedness does not hold well for
dereverberation [34]. Compared with the original spectral mapping algorithm, our
dereverberation stage has two major differences. First, instead of using percent
normalization (normalizing values to the range of [0, 1]), we normalize the training target,
log-magnitude spectrum of clean-anechoic speech, to zero mean and unit variance by using
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the global statistics of training data. This normalization is suggested in [41], which indicates
that, in contrast to percent normalization, mean-variance normalization retains more spectral
details, hence beneficial for the recovery of anechoic spectrum. Second, we use the IRM-
processed magnitude spectrum of noisy-reverberant speech for feature extraction to train the
dereverberation DNN. A log compression and mean-variance normalization are also applied
to the features before splicing adjacent frames (11 frames in this study). By using IRM-
processed features, we expect closer coupling between the separately trained denoising stage
and dereverberation stage, which can benefit joint training. The DNN used in this stage has 3
hidden layers as well and a linear layer is used as the output layer.

D. Time-domain signal reconstruction with clean phase

Most supervised speech separation systems perform enhancement on the magnitude
spectrum and use the noisy phase to synthesize the time-domain signal. In order to alleviate
the mismatch between the enhanced magnitude and the noisy phase, Wang and Wang [38]
proposed a DNN to learn to perform TDR given the noisy phase. Improvements on objective
speech quality are reported by their method. Similarly, Erdogan et a/. [5] proposed to predict
a phase-sensitive mask. Le Roux et al. [22] pointed out that the objective function of TDR
with the noisy phase is equivalent to that of phase-sensitive masking. However, with the
noisy-reverberant phase, Wang and Wang’s approach could be problematic, since the phase
is corrupted more seriously under such conditions. On the other hand, the magnitude and
phase spectra carry complementary information [26], which implies that phase can be
potentially utilized to help obtain better magnitude enhancement. Motivated by these
observations, we extend the TDR method and propose a new objective function. More
specifically, during training, we feed the enhanced magnitude (after denoising and
dereverberation) to an inverse fast Fourier transform (IFFT) layer to reconstruct the
enhanced time-domain signal with the corresponding clean phase, and then optimize the loss
in the time domain. While phase-sensitive masking also utilizes clean phase in the form of
the phase difference between clean speech and corrupted speech, our proposed method
directly employs clean phase in training.

Mathematically, at time frame 7, let s, $and p, denote the windowed clean-anechoic signal
segment, the corresponding enhanced magnitude after two-stage processing and clean phase,
respectively. © denotes the parameters of a learning system. Then, the objective function at
the training stage is defined as follows,

2
)

F(s,8; ©) = ”s — IFFT(S o ejp“)

where - denotes the element-wise multiplication and I-1l, the L, norm.

From another perspective, supervised speech enhancement systems typically consider all the
T-F units to be of the same importance and ignore the underlying energy of the corrupted or
desired signal in each T-F unit. In the proposed objective function, computing the loss in the
time domain will force the learning machine to implicitly place more emphasis on the T-F

units that contribute more to the time-domain signal. In other words, instead of weighting T-
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F units explicitly using normalized mixture energy [19] or mixture energy [39], our method
weights different units on the basis of their corresponding time-domain signal.

E. Joint Training

As shown in Fig. 1, we concatenate the denoising DNN and the dereverberation DNN into a
bigger network for joint optimization. In the denoising stage, an estimated IRM is applied to
the magnitude spectrogram of noisy-reverberant speech. The enhanced magnitude is then
passed through a log function to compress the dynamic range of values. We add a batch
normalization layer [17] before the splicing operation to make sure that the input to the
dereverberation DNN is properly normalized. During training, this layer keeps exponentially
moving averages on the mean and standard deviation of each mini-batch. During testing,
such running mean and standard deviation are fixed to perform normalization. The
normalized features of 11 frames (see Section I1) are spliced as the input features to the
dereverberation DNN. After the dereverberation stage, the enhanced log-magnitude is
recovered by using the standard deviation and mean of clean-anechoic log-magnitude, as we
have normalized the target of dereverberation DNN before training. These statistics are
computed from the training data. Finally, after an exponential operation, the processed
magnitude is fed to the IFFT layer to get the enhanced time-domain signal. The loss in the
time domain is computed by (3). Since each step above is differentiable, we can derive the
error gradients to jointly train the whole system.

Before joint training, the denoising DNN and the dereverberation DNN are trained
separately with the MSE objective function, and the resulting parameters are used to
initialize the two-stage speech enhancement system.

F. Time-domain Signal Resynthesis

During system training, clean phase is used to help obtain better magnitude spectrum.
However, such information is not available during testing, and the observed phase may be
severely distorted by room reverberation and background noise. In order to reduce the
inconsistency between the enhanced magnitude and the corrupted phase, Griffin-Lim’s
iterative phase enhancement algorithm [12] and overlap-add (OLA) method are employed to
resynthesize the enhanced time-domain signal (see also [15]). In other words, during testing,
the TDR module (namely, the IFFT layer with clean phase) is removed, and the output of the
proposed system is the enhanced magnitude. Since the accuracy of estimated phase of
Griffin-Lim’s method depends on the accuracy of the enhanced spectral magnitude [10],
with more accurate magnitude estimation, our system is expected to perform better
enhancement.

Evaluations and Comparisons

A. Datasets and Experimental Setup

We evaluate our proposed system on the IEEE corpus [29] spoken by a female speaker.
There are 72 phonetically balanced lists in this corpus and each list contains 10 sentences.
Sentences selected from list 1-50, list 68-72 and list 58-67 are utilized to construct training
data, validation data and test data, respectively. Therefore, the sentences in each set are
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different from those in the others. The RIRs are generated in a simulated room, whose size is
10 mx 7 mx 3 m. We generate different RIRs with the position of the receiver fixed and the
position of the speaker randomly chosen. Moreover, we keep the distance between the
receiver and the speaker to 1 /m, so that the direct to reverberant ratio (DRR) does not change
much under each 7go. We utilize an RIR generator [13] to produce the RIRs, which is based
on the image method [2]. In the experiments, three values of 7gg are investigated, i.e., 0.3 s,
0.6 sand 0.9 s. For each T7gg, 10 RIRs are generated for the training and validation sets; 1
RIR is generated for the test set. To further evaluate the generalization of our approach under
different values of T7gg, for each value of 7gpat0.4s,0.55s, 0.7 s and 0.8 s, we also generate
1 RIR for testing. In summary, we have 500x3 (7g05)*x10 (RIRs) = 15,000 reverberant
utterances in the training set, 50x3 (7g05)*x10 (RIRs) = 1,500 reverberant utterances in the
validation set, and 100x7 ( 7ggs)x1 (RIR) = 700 reverberant utterances in the test set. The
average DRR values are listed in Table I.

Four types of noises are studied, including speech shaped noise (SSN), babble noise
(BABBLE), noise recorded in a living room (DLIVING), and cafeteria noise recorded in a
busy office cafeteria (PCAFETER), with SSN being stationary and the others nonstationary.
The DLIVING noise and PCAFETER noise are from the Diverse Environments
Multichannel Acoustic Noise Database (DEMAND) [32]. Since we are dealing with
monaural noisy-reverberant speech enhancement, the first channel recorded DLIVING and
PCAFETER are used in the experiments. It should be noted that, since DLIVING and
PCAFETER are recorded in real rooms, they contain room reverberation. All the noises are
about 5 min long. To generate noisy-reverberant speech, random cuts from the first 4 min
and the remaining 1 min of each noise are mixed with the reverberant speech at a specified
SNR for the training/validation set and test set, respectively. For training and validation,
three levels of SNRs are used, namely, -6 dB, 0 dB and 6 dB, where reverberant speech is
taken as the signal in calculating the SNR. For testing, besides the three SNRs seen during
training, —3 dB and 3 dB are also included to evaluate the generalization of our system to
mismatched SNR levels. Consequently, for each type of noise, there are 15,0003 (SNRs) =
45,000 utterances for training, 1,500%3 (SNRs) = 4,500 utterances for validation, and 700x5
(SNRs) = 3,500 utterances for testing. DNN models are trained and evaluated for each noise
separately. However, neither the noise segments nor the RIRs of test data are seen during
training.

In our experiments, given a signal sampled at 16 kHz, we divide the signal using a 20-ms
Hamming window with a 10-ms window shift for framing. To optimize the time-domain
loss, the clean-anechoic target signal of each frame is also windowed by using a Hamming
window. For each time frame, a 320-point fast Fourier transform (FFT) is applied, resulting
in 161 frequency bins. In order to incorporate the temporal information of adjacent frames,
we utilize a context window to slide 5 frames on each side of the current frame (11 frames in
total) to combine the frame-level information. This size of context window is suggested in
[15]. To resynthesize time-domain signals, the number of iterations of Griffin-Lim’s
algorithm is set to 20.

For DNN training, the input features are normalized to zero mean and unit variance by using
the statistics of the training data. All DNNs are trained with exponential linear units (ELUS)
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[4], which lead to faster convergence and better performance over rectified linear units
(ReLUs) [11], especially when networks become deep. In each hidden layer, there are 1024
hidden units. We utilize Adam [20] as the optimizer to train the networks. Dropout
regularization [30] is adopted to prevent overfitting. The dropout rates for the input layer and
all the hidden layers are set to 0.2. The hyper-parameters are chosen according to the
performance on the validation data. Since the IRM target is bounded by [0,1], we employ
sigmoid activation units in the output layer; for the others, linear output layers are used.

B. Comparison Methods

We compare our proposed system to two DNN-based speech enhancement methods. One is
the spectral mapping method [15]. A DNN is trained to directly estimate the log-magnitude
of clean-anechoic speech from the log-magnitude of noisy-reverberant speech. Like the
dereverberation stage described in Section 11-C, we normalize the target log-magnitude of
clean-anechoic speech to zero mean and unit variance. For convenience, we denote this
method as “mapping”. The other approach is denoted as “masking”. It is an extension of
the IRM masking method for the noisy speech enhancement [36]. To enhance the noisy-
reverberant speech, we construct the IRM by taking the clean-anechoic speech as desired
signal and the rest as interference. A DNN with the complementary features as the input is
utilized to predict the thus defined IRM, and then the estimated ratio mask is applied to the
magnitude of noisy-reverberant speech to obtain the enhanced signal. In order to maintain
the same network depth with our proposed two-stage system, for these two comparison
systems, we employ a DNN with 6 hidden layers, each with the same size as in the proposed
system.

Our proposed objective function in the time domain utilizes clean phase for training, and it
can be employed by other supervised speech enhancement systems. In order to examine the
impact of the proposed objective function, we change the objective function of the
comparison methods to the proposed one, and denote these two new systems as “mapping
+TDR” and “masking+TDR”, with the latter network structure similar to that proposed in
[38]. Note that these two DNNs are initialized by using the parameters of the corresponding
mapping method and masking method. In addition, the phase-sensitive mask (PSM) [5] is
evaluated as an objective function, and it is compared with the proposed objective function.
Specifically, a DNN with the complementary features as the input is used to estimate the
PSM defined in [5]. The DNN has the same network architecture as used in the masking
comparison method. This method is denoted as “PSM”.

The proposed two-stage system is denoted as “two-stage+TDR”. In order to investigate how
much performance change is due to the two-stage strategy alone, another two-stage system
without the TDR module is also included as another comparison. This method is denoted as
“two-stage”.

C. Evaluation Metrics

In the experiments, we evaluate speech intelligibility by using short-time objective
intelligibility (STOI) [31], which predicts speech intelligibility by comparing the temporal
envelops of the clean reference speech and the processed speech. The value range of STOI is
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typically from 0 to 1. In addition, perceptual evaluation of speech quality (PESQ) [28] is
employed to evaluate speech quality. PESQ scores are in the range [-0.5, 4.5]. For both
metrics, the higher scores indicate better performance. Since our study intends to remove
both background noise and room reverberation, clean-anechoic speech is used as the
reference signal to compute the objective metrics.

D. Evaluation Results

1) One-stage Processing vs. Two-stage Processing—Tables II, 111, IV and V list
the STOI and PESQ scores of unprocessed and processed signals under different noisy-
reverberant conditions by using different methods. We first consider the matched conditions;
in other words, the SNRs and reverberation times are seen during training. Similar
performance trends were observed for the four different types of noise. By switching to the
IRM target defined for removing noise and reverberation and using the complementary
features, the masking method outperforms the mapping method at each noisy-reverberant
condition in terms of both STOI and PESQ metrics. This observation is consistent with the
denoising results reported in [36], [44].

Taking the masking method as the stronger one-stage processing baseline, we compare its
average performance with that of the two-stage method. In terms of STOI, the two-stage
strategy brings 0.9%, 1.0%, 3.4% and 1.8% improvements over the masking method for
DLIVING, PCAFETER, BABBLE and SSN, respectively. Note that, for some noisy-
reverberant conditions, the masking method is slightly better than the two-stage method. For
example, under the condition of 75 = 0.3 s and SNR = 0 dB with DLIVING, the STOI
value of the masking method is 0.7% higher than that of the two-stage method. Such cases
happen only when T7gq is low. For some noises, with low reverberation time and high DRR,
the noisy-reverberant speech enhancement problem is to an extent reduced to the noisy
speech enhancement problem. In other words, in the two-stage framework, the denoising
stage becomes dominant. Since we employ a smaller DNN for the denoising stage than that
used in the masking method, the performance of the two-stage method can be a little worse.
In terms of PESQ, performance improvements over the masking method are observed in
most conditions.

2) Effects of Proposed Objective Function—To study the effects of the proposed
objective function, we combine it with the mapping method and the masking method,
respectively. Clearly, additional performance gain is obtained by employing the new
objective function. On average, for DLIVING, the mapping method and the masking method
are improved by 2.4% and 1.7% STOI values, respectively; for PCAFETER, they are
improved by 2.4% and 1.6%, respectively; for BABBLE, they are improved by 3.3% and
1.8%, respectively; and for SSN, the STOI values are increased by 3.2% and 1.5%,
respectively. At the same time, there are also some improvements in PESQ values after
incorporating the new objective function. These results suggest that the proposed objective
function provides an effective way to improve supervised speech enhancement in general.

The introduction of a phase-sensitive objective function in the PSM provides higher PESQ
improvements than ratio masking, suggesting better speech quality. The possible reason is
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that, compared to the IRM, the phase-sensitive mask produces higher signal-to-distortion
ratio [5]. However, with the proposed objective function, the masking+TDR method
outperforms the PSM method in most conditions. This also demonstrates the effectiveness of
the proposed objective function.

With this new objective function and the two-stage processing strategy, our final model, two-
stage+TDR, performs the best in the large majority of noisy-reverberant conditions.
Compared with the masking method, on average, 2.3%, 2.1%, 4.9% and 3.2% STOI
improvements are obtained for DLIVING, PCAFETER, BABBLE and SSN, respectively.
We should point out that the masking method is a very strong baseline for comparison. By
comparing with Han et al’s spectral mapping method, we can get a larger performance
boost. To illustrate the proposed algorithm, an enhancement example is presented in Fig. 2.
The spectrogram of a noisy-reverberant utterance with BABBLE noise at SNR = -6 dB and
reverberation time of 0.9 s is shown in Fig. 2(a). The corresponding spectrograms of
reverberant speech, anechoic speech and speech enhanced by the proposed algorithm (two-
stage+TDR) are presented in Figs. 2(b), (c) and (d), respectively. Comparing the
spectrograms of noisy-reverberant speech and enhanced speech, one can see that smearing
effects resulting from reverberation and additive noise have been largely removed, and the
spectrotemporal structure is considerably restored. This indicates that the proposed system
performs denoising and dereverberation effectively.

3) Evaluations at Untrained SNRs—For supervised approaches, the generalization
ability of a trained model is a critical factor to consider. Here, we evaluate how well our
proposed method generalizes to untrained conditions during testing. In the following
evaluations, the STOI score change ASTOI in percent) and the PESQ score change APESQ)
are used as the criterion. We compare the proposed algorithm with the strong baseline, i.e.,
the masking method. To evaluate the generalization to untrained SNR conditions, under each
of the two untrained SNR levels (-3 dB and 3 dB), we take average across the reverberation
times (0.3 s, 0.6 sand 0.9 s). The results are presented in Fig. 3 and Fig. 4. As shown in the
figures, for all untrained SNR conditions with different types of noise, our method improves
objective speech intelligibility and quality substantially, and outperforms the masking
method. This indicates that, even though the SNR levels are not included in the training data,
the proposed approach generalizes well to these untrained SNR conditions.

4) Evaluations at Untrained Reverberation Times—The model is trained at three
reverberation times, namely, 0.3 s, 0.6 s and 0.9 s. We now test the model under new
reverberation times to evaluate its generalization ability to a wide range of reverberation
times. In this evaluation, we use reverberation times of 0.4 s, 0.5, 0.7 sand 0.8 s. For
presentation, average ASTOI score and APESQ score across different SNR levels (-6 dB, 0
dB and 6 dB) at each reverberation time are computed. The evaluation results are shown in
Fig. 5 and Fig. 6. Similar to the evaluation of the untrained SNRs, at each untrained
reverberation time, objective speech intelligibility and quality scores are improved. The
proposed algorithm obtains a consistent performance improvement over the baseline
masking method.
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5) Evaluations with Recorded RIRs—Simulated RIRs are used to generate
reverberant speech in the above experiments. Now we evaluate our trained systems with
recorded RIRs. Three RIRs are selected from the Aachen Impulse Response (AIR) database
[18], and resampled to 16 kHz. They were recorded in a lecture room, a meeting room and
an office room, and the corresponding 7gg is 0.70 s, 0.21 s and 0.37 s, respectively. With
sentences from list 58-67 of the IEEE corpus, these recorded RIRs and untrained segments
of the 4 types of noise, we construct a new test set for evaluation. Specifically, under each
noise, there are 1,500 utterances, i.e. 100 (sentences)x3 (RIRs)x5 (SNRs, -6, -3, 0, 3, 6
dB). In each reverberant room condition, we take average of ASTOI and APESQ scores
across the 5 SNRs. The comparison results with the masking method are given in Fig. 7 and
Fig. 8 in ASTOI and APESQ. Although the enhancement systems are trained with very
limited reverberant conditions (e.g. three reverberation times, fixed room size, fixed speaker-
microphone distance and uniformed reflection surfaces), they generalize well to real
reverberant rooms. Substantial improvements in objective speech intelligibility and quality
are obtained over unprocessed noisy-reverberant speech. Like previous evaluations, the
proposed two-stage system outperforms the strong masking baseline.

6) Evaluations on Different Speakers—To illustrate that DNN models are not very
sensitive to training speakers, we now evaluate the methods on speech utterances from
different speakers. We emphasize that the models trained on a single speaker are used
without any change or retraining in this evaluation. Specifically, 10 female speakers are
randomly selected from the TIMIT corpus [46] and 2 sentences are selected from each
speaker. Noise and room reverberation are added to construct a new noisy-reverberant test
set. Therefore, under each noise, there are 180 utterances, i.e., 10 (speakers)x2 (sentences)
x3 (RIRs for 755 =0.3, 0.6, 0.9 s)x3 (SNRs, -6, 0, 6 dB). We report average STOI and
PESQ scores across the three SNRs and the three 7gps. The evaluation results are listed in
Table VI. Compared with the average performance shown in Tables I1-V in the matched
speaker condition, the improvements over unprocessed noisy-reverberant speech become
smaller as expected. But Table V1 still indicates that the proposed two-stage+TDR model
trained with just one speaker shows some generalization to different speakers, and
outperforms the other systems in term of STOI. It is worth noting that the mapping method
seems unable to generalize in this case and performs rather poorly in PESQ. This could be a
reason why the two-stage+TDR system does not provide best PESQ scores as the second
stage performs spectral mapping.

IV. Concluding Remarks

Background noise and room reverberation are two major causes distorting speech signal in
real listening environments. To address both the noise and reverberation problem, we have
proposed a two-stage algorithm to deal with two kinds of distortions in sequence. Two
DNNs are first utilized to perform denoising and dereverberation separately, and then
combined into a deeper network subject to joint optimization with a new proposed objective
function in the time domain. By incorporating clean phase, the system can be directly
optimized in the time domain, leading to a better estimate of magnitude spectrum. We also
show that the proposed objective function can be directly adopted by other supervised
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separation systems, and boosts their performance. Systematic evaluations using objective
speech intelligibility and quality metrics show that our system outperforms a spectral
mapping method and a stronger masking-based method in various noisy-reverberant
conditions. These evaluation results strongly indicate that the proposed system improves
actual speech intelligibility and quality in real noisy-reverberant environments.

During the evaluation, we trained separate models for different types of noise. We have also
carried out multi-noise training for further evaluation. In other words, we trained the DNN
models on all four noises. Compared with single-noise training, slightly lower STOI and
PESQ scores were obtained under some low SNR conditions; for most conditions, however,
similar scores were observed to noise-specific training. In addition, the same performance
trends were observed and the proposed method still performed best.

In this study, we have developed a framework for joint optimization of two enhancement
subsystems. For the denoising subsystem and dereverberation subsystem, we utilize
relatively straightforward DNNs. A recent study [41] proposed a reverberation-time-aware
DNN (RTA-DNN) to perform dereverberation, which takes the reverberation time into
account and outperforms a conventional DNN-based method. The RTA-DNN can be
considered in our dereverberation stage. Moreover, although our proposed objective function
employs clean phase during training, the aim is still to obtain a better estimate of magnitude
spectrum. Since phase is corrupted more severely under noisy-reverberant conditions, if
clean-anechoic phase can be partly estimated, better speech intelligibility and quality of the
enhanced signal can be expected. Therefore, incorporating complex ratio masking [40] or
extending the two-stage algorithm to the complex domain represent promising future
directions.
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System diagram of the proposed two-stage model, where “Std” denotes standard deviation

and “Exp” exponential operation.

IEEE/ACM Trans Audio Speech Lang Process. Author manuscript; available in PMC 2020 January 01.



1duosnuey Joyiny 1duosnuepy Joyiny 1duosnuepy Joyiny

1duosnuey Joyiny

Zhao et al.

)
)

N
N

N N N N
I I I I
< =3 < <
3, 3, 3 3
(=3 c c c
o o 3 o
3 3 3 3
o o o o
£ o o 2
w w w w

o
o

05 1 15 2 05 15 2 05 1 15

1 15 2 05 1 A
Time (s) Time (s) Time (s) Time (s)
(a) noisy-reverberant speech (b) reverberant speech (c) anechoic speech (d) enhanced speech
Fig. 2:

(Color online) Spectrograms of a noisy-reverberant utterance (BABBLE noise, SNR = -6
dB, 7gp = 0.9 5), a reverberant utterance ( 75 = 0.9 s), an anechoic utterance and an
enhanced utterance (two-stage+TDR). The sentence is “Help the weak to preserve their
strength.”
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TABLE |

Average DRR values at different reverberation time.

Teo (S) 03 04 05 06 0.7 0.8 0.9

DRR(dB) 496 295 169 073 018 -0.12 -0.99

IEEE/ACM Trans Audio Speech Lang Process. Author manuscript; available in PMC 2020 January 01.

Page 24



Page 25

Zhao et al.

Svz Sve 0£Z 86T [9C ST LZC S8T 99T €T L'68 GO06 088 828 126 TT6 L8 Y6 G276 88 HAL+3bels-omy
8€C 6€C G2C 06T 09C 9y 8T'c S/C 8GC [lgc €88 ¢68 898 Y08 LT6 006 ¥S8 0€6 16 998  ebes-om
9z 6£T 9zZ 06T €7 95C 9zZ 00€ LT €£T 98 6.8 ¥S8 98, 806 988 8E€ vv6 076 898 NSd
9z Ove SZZ €6T 897 25C G2C ¥6C 69C vEC T68 868 €8 €T8 LT6 006 8G8 096 826 088 ydL+bupsew
9€Z 0£C [TZ ¢8T 19 9ve LTC 98¢ 69C €C vI/8 9.8 ¢S8 68. 006 ¢88 /€ EV6 616 898 Burisew
€g¢ 8Tz L0C ¢/T 8yZ vET ¥0T S9C Lz 9TZ 898 VU8 68 08 L06 068 8€8 T¢6 €06 €58 dQL+aulddew
1TZ 0Tz 66T 99T [€2 GZ¢ 68T 0S¢ 9€C 66T vv8 LG8 0€8 L€ 688 1.8 208 €06 v88 028 burddew
85T 95T TrT 80T 68T 89T 9T 2IZ LLT 9T 69, §S. 9T, Cv9 ve8 08, €T. 868 T¥8 GG  Ppassedoidun
. 9 0 9 9 0 9 9 0 9 by 9 0 9 9 0 9 9 0 9 (ap) uNs
60 90 €0 60 90 €0 ORI
Os3d (% U 1018

"UONIPUOD YIes Jo )nsal Isaq oy syBIjybiy adeypjog "8siou ONIAITA 40} SUOIIPUOI PAYITEW Ul 3109 OSTd PUE [OLS

Author Manuscript

I 371avL

Author Manuscript

Author Manuscript

Author Manuscript

IEEE/ACM Trans Audio Speech Lang Process. Author manuscript; available in PMC 2020 January 01.



Page 26

Zhao et al.

26T cZT €8T TT eyz T0C OT €52 TUZ vST 96, 698 68, TT9 006 €€8 189 ZT6 S8 6TL HAL+3beIs-om
S8T STz 9T CUT €7 S6T 62T 9rZ 80C 8¥T 8. LS8 L. 65 T68 928 999 T06 vv8 0T.  3bes-omy
98T 2Tc €T OTT gz 16T S€T v§C L0C 9vT vl Ov8 ¥S. TL5 6.8 808 069 CT6 L¥8 COL NSd
88T STz LT 9TT vz 16T 98T S§C 807 OST T6L 658 9. 009 688 €28 v.9 6T6 §S8 02L ddL+bupsew
18T v0Z 69T CUT €€Z 26T €T Ere 00¢ €T G L€8 G §85 7/8 908 8G9 0T6 9¥8 80L Bupisews
vLT 16T €9T ¥0T SZT 8T €T 98¢ 96T LET L9 968 9G. €5 L/8 908 Sv9 68 0€8 069 AAL+buiddew
29T 68T €ST T60 STZ 2T ¥OT ST 98T TCT €y, LT8 €€, 8¢5 898 §8L 609 98 €18 699 burddew
€T evT 02T 860 89T 8T SOT VLT 6T OUT 899 vO0L 6T9 605 92 ¥89 095 0€8 0L 665  Ppasseooidun
. 9 0 9 9 0 9 9 0 9 by 9 0 9 9 0 9 9 0 9 (ap) uNs

60 90 €0 60 90 €0 ORI

Os3d (% U 1018
3S10U 3 134VDd 40} SUOHIPUOD paydlew Ul $8100S OS3d PUB 101S
I 31avi

Author Manuscript

Author Manuscript

Author Manuscript

Author Manuscript

IEEE/ACM Trans Audio Speech Lang Process. Author manuscript; available in PMC 2020 January 01.



Page 27

Zhao et al.

807 vZz 96T 0ST S¥Z LTz ST 632 827 6T 928 T.8 TT8 v89 006 ¢S8 09, 9T6 T8 /L dHAL+3beIs-om
107 0Zz 06T /€T Tvz 2Tz 19T 952 +gz 89T TT8 098 86, 2S9 T68 €¥8 G€ L06 v98 TG  sbes-omy
98T 0T 2T 9TT €T 00T YT 8y L0C €T TLL 628 8v. 065 L98 TO08 ¥99 506 8€8 869 NSd
v6T €Ic 18T [T 6€C v0Z ST S§C STZ 95T 6L eS8 9L T29 788 ves 90, ST6 v'S8 62. ydL+bupisew
18T T0C 89T STT 62¢ 6T OvT 8€C T0C vl LL 628 ¥S. 909 G98 G08 T89 G06 V8 60L Bupisew
8LT 96T €9T TUT €7 T6T €T 68¢ S0C OYT SZ. 928 ¥G. T09 898 0T8 589 068 €8 ¢0. dAL+buiddew
99T /8T €§T 660 TTZ 08T OTT 82¢ GS6T vCT <Cv. 86L 8T. S5 G¥8 28, 8€9 698 VI8 299 burddew
ZgT TET eTT 960 28T 2¢T T0T ST 22T 0T 8T9 699 €.5 0Ly L€ €29 YOS ¥6. 899 §GgG  Ppassedoidun
. 9 0 9 9 0 9 9 0 9 by 9 0 9 9 0 9 9 0 9 (ap) uNs

60 90 €0 60 90 €0 ORI

Os3d (% U 1018
'9510U 37199 40} SUORIPUOJ PaydleW Ul $8109s OS3d Pue |OLS
Al 318Vl

Author Manuscript

Author Manuscript

Author Manuscript

Author Manuscript

IEEE/ACM Trans Audio Speech Lang Process. Author manuscript; available in PMC 2020 January 01.



Page 28

Zhao et al.

0TZ 92T 66T 8YT 6vZ vZe TLT 29T vEZ LT ve€8 8.8 T8 689 L06 698 9G. ve6 988 T/ HAL+3beIs-omy
v0Z 2zC €6T 8ET 9z 8Tc €9T 63C TEC 69T 08 898 608 99 868 9S8 L€, ST6 9.8 gL sbms-omy
6T Uz 28T €T €yZ 60C 09T S§¢ 9TZ T9T 06L Yv¥8 89, TE€9 V.8 8T8 569 T6 098 8TL NSd
107 8Tz 88T 66T €yz €T'c €9T 83¢ T¢Z 89T LT8 898 108 899 268 L¥8 ¢€ S T/8 ¢5L ddl+bupsew
26T 80C LLT TET SEZ S0C 99T Ive TUZ 85T 08 98 28 9S9 v/8 178 6T. vTI6 698 0L Bupisews
68T 20C SLT [T c€C oz 8vl 9re vlZ ST L6 vv8 L. 6%€9 v88 L€8 L0 €06 958 8§¢L dAL+buiddew
8LT 16T €9T ¥IT TgZ T6T €€T 98¢ S0C Tyl G9. 128 €v. T65 €98 808 299 €88 €8 189 burddew
90T 92T 10T 690 /T 60T 80 8T 90T TL0 Tv9 689 963 205 0S. L¥9 9€S ¥T8 [89 GG  passedoidun
. 9 0 9 9 0 9 9 0 9 by 9 0 9 9 0 9 9 0 9 (ap) uNs

60 90 €0 60 90 €0 ORI

Os3d (% U 1018
"NSS 40} SUONIPUOI PaYITEW Ul $3103S OSId PUe |0LS
AFTavl

Author Manuscript

Author Manuscript

Author Manuscript

Author Manuscript

IEEE/ACM Trans Audio Speech Lang Process. Author manuscript; available in PMC 2020 January 01.



1duosnuey Joyiny 1duosnuen Joyiny 1duosnuey Joyiny

1duosnuep Joyiny

Zhao et al.

TABLE VI

Page 29

STOI and PESQ scores in mismatched speaker conditions for different types of noise. Boldface highlights the

best result. DLI, PCA and BAB stand for DLIVING, PCAFETER and BABBLE, respectively.

STOI (in %) PESQ
DLI PCA BAB SSN DLI PCA BAB SSN
unprocessed 716 617 56.7 59.2 190 160 146 1.37
mapping 715 606 575 677 157 123 114 145
mapping+TDR 751 641 621 706 185 147 137 164
masking 788 66.6 667 726 228 179 172 189
masking+TDR 795 674 680 734 219 170 164 181
PSM 790 664 661 726 226 175 172 192
two-stage 769 662 679 732 186 147 148 1.67
two-stage+TDR 794 685 707 746 205 166 166 178
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