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Abstract
This paper introduces a method of noise-robust automatic
speech recognition (ASR) that remains effective under one-pass
single-channel processing. Under these constraints, the use of
single-channel speech enhancement seems to be a reasonable
noise-robust approach to ASR, because complicated techniques
requiring multi-pass processing cannot be used. However, in
many cases, single-channel speech enhancement seriously de-
teriorates the accuracy of ASR because of speech distortion.
In addition, the advanced acoustic modeling framework (joint
training) is relatively ineffective in the case of single-channel
processing. To overcome these problems, we propose a noise-
robust acoustic modeling framework based on a feature-level
combination of noisy speech and enhanced speech. To obtain
further improvements, we also adopt a sub-network-level com-
bination of noisy and enhanced speech, and a gating mecha-
nism that can dynamically select appropriate speech features.
Through comparative evaluations, we confirm that the proposed
method successfully improves the accuracy of ASR in noisy en-
vironments under strong constraints.
Index Terms: noise robust ASR, one-pass single-channel pro-
cessing, speech enhancement, feature/sub-network-level com-
bination, gating mechanism

1. Introduction
As speech applications on mobile devices and smart speakers
on home devices become increasingly widespread, ensuring the
noise robustness of automatic speech recognition (ASR) in our
daily environment is becoming extremely important. Through
the development of a speech-to-speech multilingual translation
application for mobile devices, we have come to recognize the
importance of this issue.

Various noise-robust ASR methods have been developed
recently to overcome this problem. The simplest approach to
ensuring noise robustness is speech enhancement during front-
end processing of ASR. Traditional methods of speech enhance-
ment such as spectral subtraction (SS) [1], minimum mean
squared error-short term spectral amplitude estimation (MMSE-
STSA) [2], and Gaussian mixture model-based feature enhance-
ment (GMM-FE) [3] are well known. Deep learning-based ap-
proaches, such as a denoising autoencoder (DAE) [4] and bi-
nary masking [5], are also currently being used for noise-robust
ASR instead of the more traditional methods. Although speech
enhancement is the simplest approach to noise-robust ASR,
the distortion caused by speech enhancement often deteriorates
ASR performance. This performance degradation is noteworthy
in recent deep neural network (DNN)-based ASR frameworks,
and is particularly noticeable in single-channel processing. In
contrast, the minimum variance distortionless response beam-
former (MVDR-BF) method [6], which is a multi-channel pro-
cessing technique designed within a distortionless framework,

provides a significant improvement in noisy speech ASR [7].

As alternatives to front-end processing, advanced DNN-
based acoustic modeling frameworks have also been proposed,
including noise-aware training (NAT) [8], joint training (JT) [9],
and multi-task learning (MTL) [10]. NAT uses an estimated
statistics (mean vector) of noise as an auxiliary input feature,
and trains the acoustic model (AM) by considering the charac-
teristics of noise. JT concatenates DAE and the AM, and jointly
optimizes the entire parameter set. MTL often uses DAE (fea-
ture mapping from noisy to clean speech) as an auxiliary task
to eliminate the influence of noise. Adaptations of DNN-based
approaches have also been proposed [11][12]. In contrast to
the above methods, precise acoustic modeling with complicated
network architectures has attracted attention as an alternative to
simple fully-connected feed-forward networks. In particular,
convolutional neural networks (CNNs) [13][14][15], recurrent
neural networks with long short-term memory (LSTM) [16],
and convolutional LSTM (CLSTM) [17][18] are well-known
and powerful tools for accurate acoustic modeling.

The effectiveness of MVDR-BF is well known, and several
excellent studies related to this approach have been reported
[7][15][19][20]. However, multi-channel processing requires
special hardware, such as a microphone array and a multi-
channel microphone amplifier. These hardware requirements
are quite unsuitable for speech applications used in mobile en-
vironments. As our main target platform is mobile devices,
specifically smartphones, processing single-channel speech in-
put within a one-pass framework in real time (low latency) is
vital for maintaining a usable form of the application. Adopting
an AM adaptation with auxiliary feature parameters, such as
i-vector [21], requires iterative batch-based processing, which
is difficult under these constraints. As already mentioned, most
existing approaches to single-channel speech enhancement seri-
ously deteriorate the accuracy of ASR because of speech distor-
tion. In single-channel processing, advanced acoustic modeling
frameworks are also relatively ineffective.

In this paper, we tackle the above problem head-on, and at-
tempt to reduce the influence of speech distortion by building
a precise AM with a feature-level combination of noisy speech
and enhanced speech. In addition, we adopt a sub-network-
level combination of noisy and enhanced speech, and a gat-
ing mechanism that can dynamically select appropriate speech
features, resulting in more precise acoustic modeling of single-
channel noisy speech. We evaluate the proposed method on the
CHiME4 1-channel track [22] and the corpus of spontaneous
Japanese (CSJ) [23][24]. The evaluation results reveal that the
proposed method successfully improves the accuracy of ASR
in noisy environments, even under the constraints of one-pass
single-channel processing.
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2. Reevaluation of conventional methods
We first reevaluate conventional noise robust ASR methods
including speech enhancement and acoustic modeling frame-
works using the CHiME4 1-channel track [22], and identify
their limitations. Because our aim is to ensure the noise ro-
bustness of ASR with low latency and one-pass single-channel
processing, we consider methods that satisfy these conditions.

2.1. Experimental setup

The CHiME4 corpus was recorded using a tablet device
equipped with six microphones in various noise environments:
a public transportation platform, cafeteria, pedestrian area, and
at a street intersection. The training set consists of 1,600 real
and 7,138 simulated (Simu) utterances spoken by four and 83
different people, respectively. The amount of training data is
about 18.0 hours and the vocabulary size is 5k words. The de-
velopment (Dev) and evaluation (Eval) sets consist of 3,280 and
2,640 utterances, respectively, each containing equal quantities
of real and simulated data. Both the real and simulated sets were
spoken by four speakers. The development set was used for
cross validation during AM training and parameter tuning. In
the CHiME4 corpus 1-channel track, the speech data recorded
by the fifth microphone was used for an evaluation.

All AMs were trained using TensorFlow [25], and ASR de-
coding with trained AMs was conducted using the Kaldi toolkit
[26]. The input feature parameters were 40 log mel-filter bank
features (FBanks) and their first and second derivatives, which
were extracted using a Hamming window with a 25-ms frame
length and 10-ms frame shift. A context window with 11 (±5)
frames was applied to each utterance, so the dimension of the in-
put feature parameters was 1,320. The target labels, which con-
sisted of 1,967 context dependent-hidden Markov model (CD-
HMM) states, were obtained using the Kaldi CHiME4 recipe
[27]. Based on this setup, we trained an AM consisting of a
fully connected feed-forward network with seven hidden layers.
Each hidden layer consisted of 2,048 units and a rectified lin-
ear unit (ReLU) [28] activation function. In the training phase,
weight decay (penalty: 0.0002) [29], batch normalization [30],
and dropout (keep probability: 0.5) [31] were applied to pre-
vent over-fitting. The parameters of the AM were randomly ini-
tialized and optimized using momentum stochastic gradient de-
scent with a cross entropy criterion. A mini-batch of 128 frames
and an initial learning rate of 0.01 were used for optimization.

Language modeling also followed the Kaldi CHiME4
recipe. The ASR experiments were performed using fully com-
posed trigram weighted finite state transducers with the AMs.
The evaluation criterion was the word error rate (WER).

2.2. Evaluation of enhanced speech

We evaluated four speech enhancement methods, namely SS,
MMSE-STSA, GMM-FE, and DAE. All these methods are ca-
pable of frame by frame real-time processing. In this evaluation,
the AMs were trained using the corresponding enhanced speech
(FBanks). The GMMs for GMM-FE and DAE were trained us-
ing clean simulation data and real data recorded using a headset
microphone. The GMM consisted of 512 Gaussian distribu-
tions. The DAE was trained using uni-directional CLSTM [18]
as shown in Fig. 1.

Table 1 presents the WERs obtained for each speech en-
hancement method. In the table, Baseline and BeamformIt
[32] are the results obtained without speech enhancement and
with the beam-former in the Kaldi recipe for the CHiME4 6-
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Figure 1: Network structure of DAE. The CLSTM layer consists
of 32 filters with 3×3 shape and a hyperbolic tangent activation
function.

Table 1: ASR results for speech enhancement with the CHiME4
1-channel track in terms of WER (%)

Enhancement Dev set Eval set
method Simu Real Simu Real
Baseline 13.2 14.2 15.1 22.6
SS 13.5 14.6 15.2 22.9
MMSE-STSA 13.2 14.3 15.2 22.8
GMM-FE 13.2 14.2 15.2 23.0
DAE 13.0 13.9 15.0 23.3
BeamformIt [32] 11.4 9.8 16.4 16.4

channel track, respectively. As shown in the table, the WERs
are worse than the baseline results in most environments when
using speech enhancement. Because DAE trains a mapping
function from noisy FBanks to clean FBanks, it outperforms the
other methods. However, its improvement was slight. The cru-
cial factor in these degradations is the aforementioned speech
distortion caused by speech enhancement. Thus it is essential
to reduce speech distortion as much as possible for noise robust
ASR. However, it is difficult to reduce distortion when using
single-channel processing, and there is a major gap between this
and multi-channel processing based on a distortion-less scheme
such as BeamformIt or MVDR-BF.

2.3. Evaluation of acoustic modeling frameworks

Next, we evaluated several acoustic modeling frameworks, in-
cluding NAT, JT, and MTL. All of these methods are capa-
ble of one-pass real-time processing. Figure 2 illustrates the
AM structure for each method. NAT used the mean vector of
noise as the auxiliary feature, which was estimated using the
first ten frames of each utterance. JT concatenated the DAE
shown in Fig. 1 and the AM trained with clean FBanks. All
parameters were then jointly optimized. The AM structure for
MTL is shown in Fig. 2(c). The loss function L for MTL was
L = Lmain + α · Laux, where Lmain and Laux denote the
loss functions for the main and auxiliary tasks, respectively, and
α denotes the weight for the auxiliary task. MTL used clean
FBanks as the target signal for the auxiliary task. Therefore,
Laux was given by the MMSE criterion and α was set to 0.4.
All AM structures and parameters were determined by prelimi-
nary experiments with development sets.

The WERs obtained from each acoustic modeling frame-
work are presented in Table 2. As shown in the table, the im-
provement over the baseline results was negligible with the ex-
ception of JT. In JT, an overall average WER improvement of
approximately 1.4% was achieved through the effects of both
DAE speech enhancement and joint optimization. However, in
the case of unknown noise condition, the ASR performance may
seriously deteriorate due to the increase of speech distortion.

3. Details of the proposed method
From the ASR results presented in Sec. 2, although JT achieved
some improvement, noise-robust ASR with one-pass single-
channel processing remains a difficult problem. Therefore, we
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Figure 2: Network structures for each advanced acoustic mod-
eling framework

Table 2: ASR results for each acoustic modeling framework with
the CHiME4 1-channel track in terms of WER (%)

Dev set Eval setNetwork type
Simu Real Simu Real

Baseline 13.2 14.2 15.1 22.6
NAT 13.3 14.4 15.2 22.3
JT 12.3 12.5 14.1 20.7
MTL 13.1 14.1 15.1 22.3

propose a new single-channel noise-robust ASR framework.
The methods proposed do not use multiple passes, multiple
channels, batch processing, or high-latency processing.

3.1. Combination of noisy and enhanced features

As mentioned in Sec. 2.2, the WERs become worse in most
environments because of speech distortion caused by single-
channel speech enhancement. However, when enhanced
FBanks are analyzed over a short-term period, the signal-to-
noise ratio (SNR) of speech-dominant periods such as vowel re-
gions is generally high. In these periods, it can be assumed that
the influence of speech distortion decreases even in enhanced
FBanks. In low-SNR periods where the speech power is rela-
tively weak, such as regions of speech onset/offset and unvoiced
consonants, the influence of distortion may increase. Therefore,
it is better to avoid using low-SNR periods of enhanced FBanks
for ASR systems. Based on these observations, the proposed
method uses both noisy FBanks and enhanced FBanks in the
AM. We call this method feature-level combination, and note
that it is possible to achieve both speech enhancement in high-
SNR periods and low distortion in low-SNR periods.

3.2. Sub-network-level combination

Next, we investigate a sub-network-level combination. In
this method, each feature is propagated to the individual sub-
networks, and each output is then concatenated into a single
data flow. This method realizes an advanced feature combina-
tion by stacking nonlinear feature transformations from individ-
ual sub-networks.

3.3. Gating mechanism

In both the feature-level and sub-network-level combinations,
although the influence of speech distortion is expected to be
small in the high-SNR periods, it may sometimes lead to a
higher WER, even with slight speech distortion. To overcome
this problem, we introduce a gating mechanism used for LSTM
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(a) Feature-level combination
with gate layer
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(b) Sub network-level combination
with gate layer

Figure 3: Proposed AM structures with feature/sub-network-
level combinations and gating mechanism

and highway networks [33].
In the t-th frame, when the input vector xt is given, the

output vector from the gate layer is yt = σ (Wxt + b) ⊙ xt,
where W and b denote the weight matrix and bias vector for
the gate layer, respectively. The notation σ(·) and ⊙ denote
the sigmoid function and the Hadamard product, respectively.
This mechanism realizes dynamic and appropriate information
selection from enhanced FBanks.

Finally, we construct advanced AM structures with
feature/sub-network-level combinations and a gate layer, as
shown in Figs. 3(a) and 3(b). For the sub-network-level combi-
nation, the numbers of hidden layers in the sub-network and the
subsequent network were determined to be five and two, respec-
tively, based on preliminary experiments using the CHiME4 de-
velopment set.

3.4. Use of various speech enhancement methods

It has been shown empirically that existing speech enhancement
methods can either effective or ineffective in different noise en-
vironments depending on the algorithm used. Thus, solving
the problem of single-channel noise-robust ASR using only one
speech enhancement method is not a good strategy. Instead, the
effective use of various speech enhancement methods is crucial
for solving the problem. The AM structures of the proposed
method, shown in Fig. 3, have multiple input schemes for both
noisy FBanks and enhanced FBanks. The proposed method
can handle AM structures that accept various types of enhanced
FBanks inputs, as long as sufficient computational resources are
available. Each enhanced FBanks is then propagated through
the individual sub-networks and the gate layer.

4. Evaluation of proposed methods
Table 3 presents the ASR results for the CHiME4 1-channel
track obtained using the proposed methods, where ALL denotes
the results obtained with the method described in Sec. 3.4, and
all enhanced FBanks obtained from SS, MMSE-STSA, GMM-
FE, and DAE were used as input for the AM. As seen in the
table, the feature-level combination in Fig. 3(a) improved the
WERs compared with the results in Table 1, although little im-
provement over the baseline was achieved. In contrast, with
each speech enhancement method, an average WER improve-
ment of more than 1% over the baseline results was obtained
using the sub-network-level combination in Fig. 3(b). This AM
structure produced the best performance in almost all cases.
These results reveal that the proposed framework incorporating
sub-network-level combinations and a gating mechanism pro-
vides effective noise-robust ASR.
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Table 3: ASR results for the proposed methods with the CHiME4
1-channel track in terms of WER (%).

Enhancement Dev set Eval set
method

sub-network
Simu Real Simu Real

Baseline 13.2 14.2 15.1 22.6
13.2 13.8 15.0 22.4

SS ✓ 12.3 13.0 14.1 21.2
13.0 13.6 14.8 21.9

MMSE-STSA ✓ 12.3 12.8 13.9 21.0
13.0 13.5 15.0 22.2

GMM-FE ✓ 12.4 12.8 14.1 21.1
12.6 13.7 14.3 22.4

DAE ✓ 11.8 12.4 13.5 20.5
12.8 13.7 14.4 21.9

ALL ✓ 11.3 11.5 12.7 19.4

The results for ALL indicate that using four speech en-
hancement methods significantly outperforms a single speech
enhancement method. These results were obtained by select-
ing an appropriate speech enhancement method according to the
target noise environment. In this paper, although four represen-
tative speech enhancement methods, namely SS, MMSE-STSA,
GMM-FE, and DAE, were used to reveal the effectiveness of
the proposed acoustic modeling framework, other approaches
besides these four methods could also be implemented. There-
fore, it is important to expand the applicable noise environments
of the proposed method by selecting an appropriate speech en-
hancement method. In addition, it is necessary to improve the
performance of each individual speech enhancement method.

5. Evaluation on the large scale corpus
We also evaluated the proposed method on a large scale cor-
pus (the CSJ [23][24]) to justify effectiveness of the proposed
method.

5.1. Experimental setup

The CSJ consists of recordings of academic lectures in
Japanese. We used 957 lectures (240.0 hours) as the training
(Train) set. Ten lectures (2.0 hours) were selected as a cross val-
idation (CV) set during training. Three official evaluation (Eval)
sets, E01 (2.0 hours), E02 (2.1 hours), and E03 (1.4 hours),
were used for ASR evaluation. Each evaluation set consisted
of ten lectures. The CSJ was recorded in clean conditions with
a headset microphone, so we artificially added four noise en-
vironments (airport lobby, exhibition, shopping mall, and train
station) to each data set in randomly selected SNR ranges of 0
dB to 10 dB. The noise data were taken from the ATR ambi-
ent noise sound database [34]. For evaluation data, we designed
closed domain data and open domain data. Details of the noise
conditions in each data set are indicated in Table 4.

The vocabulary size of the CSJ is approximately 75k words.
The target labels, which consist of 9,512 CD-HMM states, were
obtained using the Kaldi CSJ recipe [35]. The other conditions
for acoustic modeling were the same as those in the aforemen-
tioned CHiME4 evaluations. The WERs for each evaluation set
under the clean conditions were 11.1% for E01, 8.7% for E02,
and 11.7% for E03.

5.2. Experimental results

Tables 5, 6, and 7 present the ASR results for the CSJ obtained
using speech enhancement methods, acoustic modeling frame-
works, and the proposed method with sub-network-level com-

Table 4: Noise conditions for evaluation using the CSJ

Data set Noise type SNR ranges
Train Airport lobby and exhibition 0–10 dB
CV Airport lobby and exhibition 0–10 dB
Eval (closed) Airport lobby and exhibition 0–10 dB
Eval (open) Shopping mall and train station 0–10 dB

Table 5: ASR results for speech enhancement with the CSJ in
terms of WER (%)

Enhancement Closed domain Open domain
method E01 E02 E03 E01 E02 E03
Baseline 16.0 14.1 17.3 21.1 21.9 21.7
SS 16.1 14.1 17.3 21.3 21.9 21.8
MMSE-STSA 16.1 13.9 17.2 21.1 22.0 21.7
GMM-FE 16.1 14.0 17.3 21.2 21.8 21.5
DAE 16.0 13.9 17.2 21.2 22.0 21.8

Table 6: ASR results for each acoustic modeling framework with
the CSJ in terms of WER (%)

Closed domain Open domainNetwork type
E01 E02 E03 E01 E02 E03

NAT 16.0 14.1 17.3 21.1 21.8 21.6
JT 15.6 13.4 16.9 20.8 20.2 21.1
MTL 16.0 13.9 17.1 21.0 21.7 21.6

Table 7: ASR results for the proposed method (sub-network-
level combinations and gating mechanism) with the CSJ in
terms of WER (%).

Enhancement Closed domain Open domain
method E01 E02 E03 E01 E02 E03
SS 14.9 12.9 16.1 19.8 20.1 20.0
MMSE-STSA 14.9 12.8 16.0 19.8 20.1 20.0
GMM-FE 14.8 12.8 15.9 19.6 19.7 19.6
DAE 14.7 12.7 15.9 19.6 19.7 19.8
ALL 13.9 11.8 14.9 18.6 18.3 18.6

binations and the gating mechanism shown in Fig. 3(b), respec-
tively. As seen in each Table, the results obtained using conven-
tional methods and the proposed method indicate similar ten-
dencies to the evaluation results using the CHiME4 1-channel
track presented in Tables 1, 2, and 3. These results demonstrate
that the proposed method is effective regardless of the ASR task.
In particular, they confirm that the improvements gained using
the method described in Sec. 3.4 (ALL) are remarkable.

6. Conclusions
In this paper, we have proposed a noise-robust ASR method
that is effective under one-pass single-channel processing con-
ditions. The proposed method successfully reduces the influ-
ence of speech distortion caused by speech enhancement by us-
ing a combination of noisy speech and enhanced speech features
as the input for speech recognition. We also examined the ad-
vanced structures of AMs, and obtained further improvements
by introducing a sub-network-level combination of noisy and
enhanced speech and dynamic selection of appropriate features
with a gating mechanism. In this paper, we used fully connected
feed-forward networks for the AMs. In the future, we will study
the use of network structures suitable for analyzing spatiotem-
poral information, such as CNN, LSTM, and CLSTM. Addi-
tionally, we will attempt to improve the performance of each
speech enhancement method, and reduce the amount of param-
eters introducing a bottleneck structure into the sub-networks.
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