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Abstract- In this paper, we propose the speech enhancement method by stacking the long-short term memory (LSTM) and 
deep neural network (DNN). From the previous studies, it is known that DNN is good at modeling the complex relation 
between input feature vectors and its desired target vectors through its multiple nonlinear hidden layers. Therefore, DNN-
based speech enhancement methods such as de-noising or de-reverberation have been proposed by training the relation 
between the input noisy feature vectors and the target clean feature vector. However, despite adjacent frames are correlated, 
DNN cannot model the temporal context of sequential data such as speech or video, since the mapping between the input 
feature vectors and the target feature vectors of each frame is individually done. Recently, LSTM has been successfully 
applied to various sequence prediction and sequence labeling tasks such as speech recognition and speech enhancement 
because of its recurrent connection on each hidden layer. Therefore, we stack LSTM and DNN to take the advantages of 
their complementarity. LSTM is used to model the temporal property of speech by using long-range history. And then, DNN 
is trained with LSTM-based enhanced speech signals and noisy speech signals which are LSTM input and output. The 
proposed method is evaluated in terms of the objective measures and shows a significant improvement compared with the 
conventional single DNN and stacked DNN-based Speech enhancement methods. 
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I. INTRODUCTION 
 
As speech recognition receives great attention, the 
importance of speech enhancement has increased. In 
noisy environments, speech is corrupted by various 
noises while conveyed to microphone input. As a 
result, the performance of speech recognition trained 
on the clean environment and tested on noisy 
environments is degraded. Speech enhancement 
technique is an essential part for improving the 
performance of speech recognition and other speech 
related applications. Therefore, speech recognition 
trained on various noisy environments was proposed 
to obtain robustness over diverse noisy conditions 
[1]-[3]. However, the mismatch between noisy 
training condition and noisy recognition condition 
impacts the performance of speech recognition. For 
this result, speech enhancement technique before 
speech recognition has been studied actively. 
 
Recently, deep neural network (DNN) has been 
applied to wide variety of research areas related to 
pattern recognition and shown great performance [4]. 
Speech enhancement method based on DNN 
regression model has been proposed by learning the 
mapping function from noisy speech to clean speech 
through its multiple nonlinear hidden layers [5]. By 
taking noisy speech as input and clean speech as 
output, DNN learns their relation and eliminates noise 
from noisy speech. Not only for de-noising tasks but 
also for de-reverberation tasks, DNN-based speech 
enhancement method has shown great result [6]. 
Likewise, speech enhancement based on de-noising 
auto-encoder, which reconstructs the input feature  

 
 

 
 
from its disrupted feature, has been proposed and 
applied to various speech and image related tasks [7], 
[8]. By restoring clean speech from its noisy speech, 
de-noising auto-encoder is successfully applied to 
speech enhancement tasks. 
 
But, despite the fact that neighboring frames of 
speech are strongly correlated, DNN does not 
consider the temporal property of speech and trains 
each frame independently. Therefore, DNN is not an 
appropriate model for sequential data modeling tasks 
such as speech recognition and speech enhancement. 
As a consequence, recurrent neural network (RNN) 
which has recurrent connections to utilize previous 
contexts through its recurrent connection was 
proposed as an alternative model for DNN [9]. RNN 
stores previous information in hidden states and 
exploit it to update current hidden states. However, 
RNN suffers from vanishing gradient problem which 
means that the gradient decays exponentially over 
time. RNN forgets the information among the distant 
time frames and cannot learn long-range information 
[10]. To deal with this problem, long short-term 
memory (LSTM), which stores information in a 
memory cell and controls information flows through 
three multiplicative gates, was proposed [11]. LSTM 
can learn long-term dependencies and is applied to 
various applications such as speech recognition and 
machine translation [12]. LSTM-based speech 
enhancement method has been proposed and shown 
the better result than conventional DNN-based speech 
enhancement method by exploiting long-range 
history [13]. 
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In this paper, we have stacked LSTM and DNN to 
combine the advantages of temporal modeling 
capacity of LSTM and feature mapping capacity of 
DNN. First, we train LSTM model to utilize 
continuity of speech and then, train DNN to learn the 
mapping from noisy speech to clean speech. LSTM 
and DNN are complemented as an LSTM-DNN 
stacked architecture. Stacked LSTM-DNN based 
speech enhancement method performs better than 
conventional methods such as DNN-based speech 
enhancement method and LSTM-based speech 
enhancement method in terms of perceptual 
evaluation of speech quality (PESQ) [14]. 
 
II. LSTM-DNN BASE DSPEECH 
ENHANCEMENT 
 
In this section, we introduce feature extraction 
method and proposed LSTM-DNN stacked 
architecture. LSTM has temporal modeling ability by 
exploiting full-range history through memory cell. 
DNN has feature mapping ability through its multiple 
nonlinear hidden layers. We stack LSTM and DNN to 
take advantage of their strong points and complement 
their weak points. Block diagram of proposed LSTM-
DNN speech enhancement method is presented in 
Fig.1. 

 
Fig.1. Block diagram of proposed LSTM-DNN-based speech 

enhancement method 
 

2.1. Feature Extraction 
x(t)andy(t)  denote a speech signal and a 

noise signal, a noisy speech signal y(t)  can be 
represented as follows, 

 
y(t) = x(t) + d(t).  (1) 

 
We can transform time domain signal y(t)  to 
frequency domain signal Y(k, n) by extracting short-
time Fourier transform (STFT) of the noisy signal 

 
Y(k, n) = X(k, n) + D(k, n).  (2) 
 

where k  and n  indicate frequency bin and frame 
number. Frequency domain signal can be represented 
as spectrum and phase as 
 

Y(k, n) = |Y(k, n)|e ( , ).(3) 
 

sincethe phase of speech is difficult to enhance and 
human hearing does not sensitive to the phase 
distortion, we do not consider the phase of the signal 
in the training stage. We use log power spectrum 
(LPS) as feature vectors to consider human hearing 
characteristics, which is defined as follows, 
 

Y = 2log|Y(k, n)|.                                 (4) 
 

In order to consider temporal property of input speech 
signal, we concatenate 5 adjacent frames on each 
side. For target feature vectors, only present frame is 
considered. 
 
2.2. LSTM-DNN Stacked Architecture 
In order to model sequential data, LSTM stores 
previous information on the memory cell and reflects 
previous memory cell states to current memory cell 
states during the training stage [12]. LSTM has 
memory block, which has one memory cell and three 
multiplicative gates called forget gate, input gate and 
output gate to control information flows. Forget gate 
controls the amount of the information came from 
previous memory cell states. Input gate controls the 
amount of the information that will be updated in 
current memory cell states. Output gate controls how 
much information we reflect memory cell states to 
hidden states. In this paper, we have employed 
peephole LSTM, which is able to look into memory 
cell states in detail. 
 
Before training LSTM model, weights and biases are 
randomly initialized from -1 to 1. Since LSTM is 
dependent on previous memory cell states and 
previous hidden states to exploit longer history, 
temporal dependencies have to be considered when 
training is underway. Therefore, we have applied 
back-propagation through time (BPTT), which is 
gradient descent based training algorithm for the 
recurrent networks such as RNN and LSTM [15]. 
During BPTT algorithm, LSTM network is unfolded 
through time sequence and propagate errors through 
far ahead of time. The objective function of LSTM 
network is also based on minimum mean squared 
error (MMSE) function and MMSE is defined as 
follows 

 
MMSE = ∑ Y−Y               (5) 
 

where Y , Y and n denote enhanced speech LPS, target 
clean speech LPS and the number of training data. 
After finishing LSTM training, DNN training stage is 
being progressed by using concatenation of noisy 
speech LPS and LSTM-based enhanced speech LPS 
as DNN input feature vectors. By re-using the LSTM-
based enhanced speech LPSas input feature vectors 
for DNN, we can achieve better performance. Pre-
training stage is done before DNN fine-tuning stage is 
started to adjust weights and biases. Fine-tuning is 
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based on MMSE as an objective function to minimize 
the distance between LPSof the enhanced speech and 
the clean speech. 
 
In the enhancement stage, feature extraction step is 
done first. We extract LPSand the phase of noisy 
speech by taking STFT. Trained LSTM model is fed 
with LPSof noisy speech to obtain LPSof enhanced 
speech. Then, we concatenate noisy speech LPSand 
LSTM-based enhanced speech LPS, which were 
LSTM input and output vectors. We feed this 
concatenated feature vectors to DNN model to attain 
final enhanced speech LPS. By taking inverse short-
time Fourier transform (ISTFT) with the final 
enhanced speech LPS and the noisy speech phase, we 
can retrieve final enhanced speech signal. 
 
LSTM is good at modeling temporal property of 
sequential data by remembering long-range history 
through its memory cell. DNN has great ability to 
model the nonlinear relation between inputs and its 
desired outputs through multiple nonlinear hidden 
layers and hidden units. Therefore, LSTM-DNN 
stacked architecture, which exploits both of their 
advantages, has shown great performance over 
conventional single DNN-based and single LSTM-
based speech enhancement method. 

 
III. EXPERIMENTS AND RESULTS 
 
3.1. Experimental Setup 
 
We conducted experiments on the TIMIT database 
[16]. We added factory, hfchannel and white noise in 
NOISEX-92 to clean speech data at 3 SNRs, 5, 10, 15 
dB [17], total 4620 ×2×4=36960 files are used for 
training dataset. Speeches are sampled at 16 kHz. We 
extracted frequency domain signal by taking 512-
point STFT with 50 % overlap and used log power 
spectrum as feature vectors. To consider the 
correlation between adjacent frames, we concatenated 
previous 5 frames and later 5 frames with present 
frame. Therefore, 257 × 11 = 2827 dimensions are 
used for LSTM input feature vectors and 257 
dimensions are used for LSTM output feature vectors. 
LSTM is consists of 3 layers and each layer has 800 
cell dimensions and 1024 hidden units. We employed 
logistic sigmoid activation function for gates and 
hyperbolic tangent activation function for the 
memory cell and hidden units. LSTM was trained by 
BPTT algorithm based on SGD with mini-batch size 
100. Weights and biases of LSTM were randomly 
initialized. The total number of epoch was 50. 
Learning rate was started with 10  and decayed by 
10 after epoch 10. After finishing training of LSTM, 
DNN training was started. Input vectors of DNN 
were concatenation of LSTM-based enhanced log 
power spectrum with their previous 5 frames and later 
5 frames and noisy speech log power spectrum. 
Therefore total 257 ×11+  257 =  3084 dimensions 

are used for DNN input feature vectors. DNN has 3 
hidden layers and 1024 hidden units. Training of 
DNN is based on back-propagation based on SGD 
with mini-batch size 100. Learning rate was started 
with 10  and decayed by 10 % after 10 epoch. 
 
3.2. Results 
 
The proposed method was evaluated in terms of 
objective measure PESQ [9]. Table 1 shows Average 
PESQ result tested on seen hfchannel and white. 
Proposed LSTM-DNN based speech enhancement 
algorithm shows better performance than other 
conventional methods. Table 2 shows Average PESQ 
result tested on unseen noise, buccaneer and pink. 
Proposed algorithm shows significant improvement 
over conventional methods not only on seen data but 
also on unseen data. 
 

Table 1: Average PESQ Results on Seen Noise 

 Non
e DNN 

LST
M-
DNN 

Non
e DNN 

LST
M-
DNN 

Nois
e Hfchannel White 

5 
dB 1.32 2.45 2.59 1.58 2.63 2.76 

10 
dB 1.68 2.70 2.85 1.98 2.95 3.13 

15 
dB 2.09 2.97 3.17 2.36 3.22 3.40 

 
Table 2: Average PESQ Results on Unseen Noise 

 Non
e DNN 

LST
M-
DNN 

Non
e DNN 

LST
M-
DNN 

Nois
e Buccaneer Pink 

SN
R 
5 
dB 

1.48 1.64 1.80 1.60 1.89 2.21 

SN
R 
10 
dB 

1.87 2.29 2.30 1.99 2.43 2.75 

SN
R 
15 
dB 

2.26 2.53 2.63 2.39 2.86 3.18 

 
CONCLUSIONS 
 
In this paper, a novel speech enhancement method to 
obtain enhanced speech spectrum from noisy speech 
spectrum has been proposed. We have stacked LSTM 
and DNN to utilize their advantages and supplement 
their shortcomings. Therefore, LSTM is used to 
model the sequential property to attain continuity of 
speech spectrum and DNN is used to model the 
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complex relation through its multiple nonlinear 
hidden layers. Also, we concatenate enhanced 
spectrum, which is once enhanced by LSTM, and 
noisy spectrum as DNN feature vectors, we can 
obtain significant improvement over conventional 
methods such as single DNN and single LSTM 
speech enhancement method. 
 
ACKNOWLEDGMENTS 
 
This work was supported by the research fund of 
Signal Intelligence Research Center supervised by the 
Defense Acquisition Program Administration and the 
Agency for Defense Development of Korea. 
 
REFERENCES 
 

[1] R. Lippmann, E. Martin, and D. Paul, “Multi-style training 
for robust isolated-word speech recognition,” in Proc. 
ICASSP, Apr. 1987, vol. 12, pp. 705-708. 

[2] Y. Gong, “Speech recognition in noisy environments: A 
survey,” Speech communication, vol. 16, no.3, pp. 261-291, 
Apr. 1995. 

[3] H. Xu, Z.-H. Tan, P. Dalsgaard, and B. Lindberg, “Robust 
speech recognition based on noise and SNR classification-a 
multiple-model framework,” in Proc. Interspeech, 2005, 
pp.977-980. 

[4] G. Hinton, and R. Salakhutdinov, “Reducing the 
dimensionality of data with neural networks,”Science, vol. 
313, no. 5786, pp. 504-507, Jul. 2006. 

[5] Y. Xu, J. Du, L. Dai, and C. Lee, “An experimental study on 
speech enhancement based on deep neural networks,” IEEE 
Signal Processing Lett., vol. 21, no. 1, pp. 65-68, 2014. 

[6] K. Han, Y. Wang, and D. Wang, “Learning spectral 
mapping for speech de-reverberation,” in Proc. ICASSP, 
May. 2014, pp. 4628-4632. 

[7] X.-G. Lu, Y. Tsao, S. Matsuda, and C. Hori, “Speech 
enhancement based on deep de-noising auto-encoder,” 
inProc. Interspeech, 2013, pp. 436-440. 

[8] D. Liu, P. Smaragdis, and M. Kim, “Experiments on deep 
learning for speech de-noising,” in Proc. Interspeech, 2014, 
pp. 2685-2689. 

[9] K. Funahashi, and Y. Nakamura, “Approximation of 
dynamical systems by continuous time recurrent neural 
networks,”IEEE Trans. Neural networks, vol. 6, no. 6, 
pp.801-806, 1993. 

[10] Y. Bengio, P. Simard, and P. Frasconi, “Learning long-term 
dependencies with gradient descent is difficult,” IEEE 
Trans. Neural Networks, vol. 5, no. 2, pp. 157–166, Aug. 
1994. 

[11] S. Hochreiter, and J. Schmidhuber, “Long Short-Term 
Memory,” Neural Computation, vol. 9, no. 8, pp. 1735–
1780, Nov. 1997. 

[12] Graves, A. Mohamed, and G. Hinton, “Speech recognition 
with deep recurrent neural networks,” in Proc. ICASSP, 
May. 2013, pp. 6645-6649. 

[13] F. Weninger, H. Erdogan, S. Watanabe, E. Vincent, J. Le 
Roux, J.R. Hershey, and B. Schuller, “Speech enhancement 
with LSTM recurrent neural networks and its application to 
noise-robust ASR,” in ICVS, Aug. 2015. pp. 91-99. 

[14] W. Rix, J. G. Beerends, M. P. Hollier, and A. P. Hekstra, 
“Perceptual evaluation of speech quality (PESQ)-a new 
method for speech quality assessment of telephone networks 
and codecs,” in Proc. ICASSP, May. 2001, vol. 2, pp. 749-
752. 

[15] P. J. Werbos, “Backpropagation through time: what it does 
and how to do it,”Proc. IEEE, vol. 78, no. 10, pp. 1550-
1560, Oct. 1990. 

[16] Zue, S. Seneff, and J. R. Glass, “Speech database 
developmentat MIT: Timit and beyond,”Speech 
communication, vol. 9, no. 4, pp. 351-356, 1990. 

[17] Varga, and H. J. M. Steeneken, “Assessment for automatic 
speech recognition: II. NOISEX-92: A database and an 
experiment to study the effect of additive noise on speech 
recognition systems,”Speech communication, vol. 12, no. 3, 
pp. 247-251, 2008. 

 
 
 
 
 
 
 
 
 

 

http://iraj.in

