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ABSTRACT

We present a joint noise and mask aware training strategy for

deep neural network (DNN) based speech enhancement with

sub-band features. First, based on the analysis of the previ-

ously proposed dynamic noise aware training approach tested

on the wide-band (16 KHz) speech data, the full-band dy-

namic noise features cannot always improve the enhancement

performance due to inaccurate noise estimation. According-

ly, we improve dynamic noise estimation via enhanced post-

processing, interpolation with the static noise estimation, and

sub-band features. Then, the ideal ratio mask (IRM), as a rel-

ative quantity for the description of both speech and noise in-

formation, is verified to have a strong complementarity with

dynamic noise estimation via joint aware training of DNN.

Furthermore, a comprehensive study on different approach-

es to estimate noise and IRM is conducted. The experiments

under unseen noises demonstrate the effectiveness of the pro-

posed approach in both speech quality and intelligibility mea-

sures in comparison to the conventional DNN approach.

Index Terms— speech enhancement, deep neural net-

work, dynamic noise estimation, ideal ratio mask, sub-band

features

1. INTRODUCTION

Speech enhancement techniques have became extremely im-

portant in real-world applications, such as automatic speech

recognition (ASR), mobile communications, and hearing aids

[1]. The speech enhancement performance in real acoustic

environments is not always satisfactory due to the complexity

of noise corruption on speech. The conventional speech sig-

nal processing methods, e.g., spectral subtraction [2], Wiener

filtering [3], minimum mean squared error (MMSE) esti-

mation [4, 5] and optimally-modified log-spectral amplitude

(OM-LSA) speech estimator [6] have been proposed during

the past several decades. Model assumptions for the interac-

tions between speech and noise are made in these methods,

which often lead to the failure of tracking non-stationary nois-

es for real-world scenarios in unexpected acoustic conditions

and musical noise artifacts [7].

Recently, with the fast development of deep learning tech-

niques [8, 9], the deep architecture was adopted to model

the complicated relationship between noisy speech and clean

speech in speech enhancement area [10, 11, 12, 13]. Previous-

ly we proposed a deep neural network (DNN) based speech

enhancement framework to map noisy log-power spectra (LP-

S) features to clean LPS features [14, 15]. And a large num-

ber of different noise types could be included in the training

set to alleviate the mismatch problem between training and

testing. In [16], many different kinds of noise types were al-

so used to train DNNs to predict the ideal binary mask (IB-

M), and the robustness to unseen noise types was demonstrat-

ed. Therefore, one advantage of DNN-based speech enhance-

ment method is that the relationship between noisy speech

and clean speech could be well learned from the large-scale

multi-condition data.

Furthermore, it was verified [15, 17] that the static noise

information estimated by the first several noise frames of the

utterance, namely the static noise aware training (SNAT), can

make a better prediction of the clean speech and suppression

of the additive noises. To handle the non-stationary or burst

noises, the dynamic noise aware training (DNAT) approach

was proposed [18]. However, due to the inaccurate estimation

of dynamic noise information, the performance is not always

satisfactory. Accordingly, this study first improves dynam-

ic noise estimation via enhanced post-processing, sub-band

features, and interpolation with the static noise estimation.

Then, the ideal ratio mask (IRM), as a relative quantity for

the description of both speech and noise information, is ver-

ified to have a strong complementarity with dynamic noise

estimation via joint aware training of DNN. Finally, a com-

prehensive study on different approaches to estimate noise

and IRM is conducted. The experiments under unseen nois-

es demonstrate the effectiveness of the proposed approach in

both speech quality and intelligibility measures in comparison

to the conventional DNN approach.

In Section 2, the DNN architecture is introduced. In Sec-

tion 3, improved dynamic noise estimation is presented. In

Section 4, joint noise and mask aware training is described.

In Section 5 and 6, we give experiments and conclusions.



2. THE DNN ARCHITECTURE

Fig. 1. The proposed DNN-based framework.

Fig. 2. The DNN architecture.

A block diagram of the proposed speech enhancemen-

t framework is illustrated in Fig. 1. Two regression DNNs

(denoted as DNN-1 and DNN-2), similar to [15], should be

built. First, DNN-1 aims to provide dynamic noise and IRM

estimation. With both noisy LPS features and static noise LP-

S features as the input, DNN-1 refers to SNAT system [18].

Then DNN-2 can perform joint noise and mask aware train-

ing to make a better prediction of the clean LPS features. The

general architecture using multiple outputs for both DNN-1

and DNN-2 is illustrated in Fig. 2. The MMSE criterion is

adopted to optimize the DNN parameters as follows:

E =

T∑
t=1

(‖x̂t − xt‖22 + α‖n̂t − nt‖22 + β‖m̂t −mt‖22
)

(1)

where x̂t and xt are the tth D1-dimensional vectors of esti-

mated and clean reference LPS features, respectively, with T
representing the mini-batch size. nt is the tth D2-dimensional

reference noise LPS sub-band features while mt is the tth D2-

dimensional IRM sub-band features. α and β are the weight-

ing coefficients. The linear activation function is used for

clean and noise outputs while the sigmoid activation function

is adopted for the IRM output. As shown in Table 1, sev-

eral DNN systems using noise or IRM aware training will be

compared with different settings of DNN-1 and DNN-2 archi-

tectures. SNAT and DNAT are the static and dynamic noise

aware training systems in [18]. IDNAT is the improved D-

NAT system described in Section 3. Both DNAT and IDNAT
use the single output architecture (α = β = 0) for DNN-1.

MAT denotes the system with IRM aware training, where the

dual output architecture (α = 0, β �= 0) is adopted for DNN-

1 to provide the IRM estimation. JAT represents the system

with joint noise and mask aware training, where the triple out-

put architecture (α �= 0, β �= 0) is designed for DNN-1. For

all systems, the single output architecture is always used for

DNN-2. The other details of proposed speech enhancement

system, including DNN training/decoding, feature extraction

and waveform reconstruction, can refer to [14, 15, 19].

System DNN-1 DNN-2

SNAT α = 0 β = 0 - -

DNAT/IDNAT α = 0 β = 0 α = 0 β = 0
MAT α = 0 β = 0.05 α = 0 β = 0
JAT α = 0.05 β = 0.05 α = 0 β = 0

Table 1. The setting of DNN-1/DNN-2 for different systems.

3. IMPROVED DYNAMIC NOISE AWARE TRAINING

In [18], both SNAT and DNAT have been investigated. And

the experiments on the narrow-band (8 kHz) speech data

showed that DNAT is more effective than SNAT. However,

based on the analysis on the wide-band (16 kHz) speech data,

the full-band dynamic noise LPS features cannot always im-

prove the enhancement performance due to inaccurate noise

estimation, which might be explained as that the relationship

between the noisy speech and clean speech in higher dimen-

sional feature space is much more challenging for DNN to

handle. To address this problem, three strategies are proposed

to improve the dynamic noise estimation.

3.1. Enhanced post-processing for noise estimation

The frame-level dynamic noise estimation in [18] was im-

plemented via the post-processing of estimated clean speech

from DNN-1 output. First, a ratio γ between the estimated

clean speech and input noisy speech in the power spectral do-

main is defined as:

γ(d) = exp (x̂t(d)− yt(d)) (2)

where x̂t(d) is the dth element of estimated clean speech LP-

S feature vector x̂t and yt(d) is the corresponding version of

input noisy speech. Then an IBM can be estimated by a glob-

al threshold λ. However, this estimation is not robust to the

cases that the absolute energy of the time-frequency (T-F) bin

is quite high or low. Accordingly, we design a new IBM esti-

mation method:

ˆIBMt(d) =

⎧⎪⎪⎨
⎪⎪⎩

1 γ(d) > λ and x̂t(d) > El
t

0 γ(d) > λ and x̂t(d) ≤ El
t

1 γ(d) ≤ λ and x̂t(d) > Eh
t

0 γ(d) ≤ λ and x̂t(d) ≤ Eh
t

(3)

where Eh
t and El

t are high and low thresholds of LPS features

at the tth frame which are calculated as:

Eh
t = Et + Eh

El
t = Et + El (4)



where Et is an adaptive threshold averaged in a context win-

dow size of 11-frame estimated clean LPS features. Eh and

El are the fixed high and low thresholds. The idea of us-

ing double thresholds is inspired by the work in voice activ-

ity detection [20]. Furthermore, the IBM from Eq. (3) can

be smoothed in each T-F bin with a context window size of

5 frames. Finally, the noise estimation based on IBM is the

same as that in [18].

3.2. Interpolation of static and dynamic noise estimation

Another strategy to alleviate the problem of inaccurate dy-

namic noise estimation is to perform a linear interpolation

between static and dynamic noise estimation:

n̂new
t =

1

2

(
n̂S + n̂D

t

)
(5)

which is motivated by the complementarity between them,

namely the static noise estimation is a stable representation

of noise statistics while the dynamic noise estimation corre-

sponds to the details of noise statistics in each frame.

3.3. Sub-band features

Inspired by the success of DNAT on the 8 kHz speech da-

ta, a straightforward way is to reduce the high dimension of

the estimated noise LPS feature vector. Thus, we design the

sub-band features by mapping the linear frequency bins of

D1-dimensional (D1 = 257) full-band LPS features to fre-

quency bins of D2 (D2 = 64) gammatone filter banks which

can simulate the frequency selectivity of human ears [21], as

illustrated in Fig. 3. In each sub-band, the mapped feature can

be computed as:

n̂sub
t (i) =

∑
di≤d<di+1

n̂full
t (d)

di+1 − di
, i = 1, 2, . . . , D2 (6)

where di is the starting index of the ith sub-band. The sub-

band noise features not only improve the enhancement perfor-

mance but also reduce the model size and the computational

complexity of DNN.

4. JOINT NOISE AND MASK AWARE TRAINING

IRM [22, 23] is a measure to estimate the speech presence in

a local T-F unit, which is extended from the IBM widely used

in computational auditory scene analysis (CASA). As a soft

mask, IRM can achieve better speech separation performance

[24], which can be implemented as:

mt(d) =
exp (xt(d))

exp (xt(d)) + exp (nt(d))
(7)

where the exp(·) operation transforms the LPS features back

to the linear frequency domain. As the mask is highly re-

lated with the auditory attention mechanism, the mask aware
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Fig. 3. Illustration of the mapping between full-band (257-

dimension) and sub-band (64-dimension) LPS features.

training can be treated as the implicit attention-based DNN

training where IRM is an indicator of speech presence or ab-

sence. However, according to the preliminary experiments,

MAT using only IRM information can not significantly im-

prove the performance. So we design a joint noise and mask

aware training approach by concatenating both the dynamic

noise estimation and IRM with the input noisy speech fea-

tures:

zt =
[
yt+τ
t−τ , n̂t, m̂t

]
(8)

where zt is the input vector of DNN-2. yt+τ
t−τ denotes the input

noisy speech LPS feature vector with 2τ+1 frame expansion.

m̂t is one output of the DNN-1 and n̂t is calculated according

to Section 3. Please note that m̂t also uses the sub-band fea-

tures with D2 = 64. We believe that IRM as a relative quan-

tity for the description of both speech and noise information

could be complementary with the dynamic noise estimation

to better predict the clean speech.

5. EXPERIMENTAL RESULTS AND ANALYSIS

In this work, we extended sample rate of waveforms from 8

kHz [18] to 16 kHz. 115 noise types including 100 noise

types in [25] and some other musical noises were adopted to

improve the generalization capacity of DNN. All 4620 utter-

ances from the training set of the TIMIT database [26] were

corrupted with the abovementioned 115 noise types at six lev-

els of SNR, i.e., 20dB, 15dB, 10dB, 5dB, 0dB, and -5dB, to

build the multi-condition training set. We randomly selected

a 10-hour training set with 11550 utterance pairs. The 192

utterances from core test set of TIMIT database were used to

construct the test set. Three unseen noise types, namely Buc-

caneer1, Destroyer engine and Leopard from the NOISEX-92

corpus [27], were adopted for testing.

The frame length was set to 512 samples (32 msec) with

a frame shift of 256 samples. With short-time Fourier analy-

sis, 257-dimensional LPS features [19] were obtained to train

DNNs. Mean and variance normalization were applied to the



input and target feature vectors of the DNN. All DNN con-

figurations were fixed at 3 hidden layers, 2048 units for each

hidden layer and 7-frame input. For SNAT system, the first

6 frames of each utterance were used for noise estimation.

For dynamic noise estimation, the λ was set to 0.1. Eh and

El were set to 4 and -1 respectively. Perceptual evaluation

of speech quality (PESQ) [28] and short-time objective in-

telligibility (STOI) [29] were used to assess the quality and

intelligibility of the enhanced speech.

5.1. Evaluation on SNAT and DNAT

Table 2 lists the performance comparison of several system-

s mentioned in [18] on the 16 kHz speech data. The DNN

baseline system with only noisy speech LPS features as the

input significantly improved the PESQ and STOI over the o-

riginal noisy speech. And the SNAT system consistently out-

performed DNN baseline system. One exception was that D-

NAT underperformed SNAT which was not consistent with

the observation in [18], which was explained as that the rela-

tionship between the noisy speech and clean speech in high-

er dimensional feature space was much more challenging for

DNN to learn. This led to the inaccurate noise estimation in

frame-level.

Noisy DNN baseline SNAT DNAT

SNR(dB) PESQ STOI PESQ STOI PESQ STOI PESQ STOI

20 3.070 0.962 3.441 0.948 3.560 0.955 3.546 0.948

15 2.727 0.924 3.207 0.928 3.310 0.935 3.316 0.929

10 2.397 0.866 2.942 0.895 3.022 0.904 3.038 0.899

5 2.073 0.788 2.630 0.843 2.705 0.857 2.694 0.850

0 1.755 0.698 2.275 0.766 2.344 0.789 2.296 0.776

-5 1.470 0.608 1.894 0.667 1.952 0.699 1.862 0.672

Ave 2.249 0.808 2.732 0.841 2.815 0.856 2.792 0.846

Table 2. PESQ and STOI comparison of different systems on

the test set averaged on three unseen noises.

5.2. Evaluation on IDNAT

Based on the analysis of DNAT results, Table 3 progressive-

ly shows the performance improvements of three strategies of

IDNAT. “+EnhPP” improved DNAT via the enhanced post-

processing. “+Interpolation” further adopted the interpolation

of static and dynamic noise estimation. “+Subband” used all

three strategies, namely the IDNAT system. Obviously, the

enhanced post-processing was mainly effective for the low S-

NR cases. Both the interpolation and sub-band features con-

sistently yielded performance gains for all SNRs and mea-

sures (only one exception for STOI under -5dB). Overall, the

IDNAT system achieved an average PESQ gain of 0.1 and an

average STOI gain of 0.01 over the DNAT system.

5.3. Evaluation on MAT and JAT

Finally, Table 4 gives performance comparison of MAT and

JAT systems. JAT-1 system used the dynamic noise estimation

+EnhPP +Interpolation +Subband

SNR(dB) PESQ STOI PESQ STOI PESQ STOI

20 3.529 0.945 3.556 0.948 3.604 0.955

15 3.311 0.928 3.334 0.931 3.376 0.938

10 3.049 0.899 3.070 0.902 3.106 0.908

5 2.736 0.853 2.753 0.855 2.789 0.861

0 2.380 0.784 2.387 0.788 2.432 0.790

-5 1.994 0.687 1.997 0.693 2.031 0.691

Ave 2.833 0.849 2.849 0.853 2.890 0.857

Table 3. PESQ and STOI comparison of three strategies for

IDNAT system on the test set averaged on three unseen noises.

from the one output of DNN-1 while JAT-2 system adopted

the method in Section 3 to estimate the dynamic noise. The

MAT system using IRM information achieved comparable

performance with SNAT and IDNAT system which demon-

strated the effectiveness of the IRM as an auditory attention

mechanism to guide the DNN training. JAT-2 obtained bet-

ter PESQ performance than JAT-1, indicating the improved

dynamic noise estimation was more stable than the learned

noise information. In comparison to the best SNAT results in

Table 2, the JAT-2 system significantly improved both speech

quality and intelligibility with an average PESQ gain of 0.137

and an average STOI gain of 0.016.

MAT JAT-1 JAT-2

SNR(dB) PESQ STOI PESQ STOI PESQ STOI

20 3.557 0.957 3.638 0.965 3.654 0.965

15 3.318 0.938 3.404 0.947 3.422 0.947

10 3.044 0.908 3.129 0.918 3.151 0.918

5 2.731 0.861 2.819 0.873 2.848 0.874

0 2.387 0.794 2.475 0.808 2.507 0.809

-5 2.010 0.704 2.108 0.717 2.129 0.718

Ave 2.841 0.860 2.929 0.871 2.952 0.872

Table 4. PESQ and STOI comparison of MAT and JAT sys-

tems on the test set averaged on three unseen noises.

6. CONCLUSION

We propose a joint noise and mask aware training strategy

for DNN-based speech enhancement with sub-band features.

The inaccurate noise estimation problem of DNAT is alleviat-

ed via the IDNAT. And JAT can significantly outperform ID-

NAT and MAT which indicates the strong complementarity

between dynamic noise estimation and IRM information.
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