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Abstract - In this paper, we propose a context-aware approachfor speech denoising based on deep learning. In most studies, 
single deep neural network(DNN) is trained in various noisy environments. However, large variations of noisy environments 
can cause performance degradation. We develop environmentally-optimized models trained in each noisy environment, 
which is effective in restoring clean speech spectra under different noisy conditions.In this research work, we first classify 
noisy spectra through DNN models trained for classifying noise environment before noisy speech spectra are processed. We 
apply the proposed method to the estimation of ideal ratio mask (IRM) that is used for denoising in spectral domain. 
Experimental results showed that the proposed context-aware method performs better than that using non-context-awareness 
model. 
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I. INTRODUCTION 
 
Many speech denoising techniques have been studied 
based on the mathematical assumptions that describe 
the mapping relations between noisy andclean speech 
signal,including Wiener filtering and signal subspace 
method [1], MMSE-based spectral 
amplitudeestimator [2].In recent years, with the 
progress of deeplearning techniques in signal 
processing [3], deep neural networks (DNNs)are 
utilized for speech and audioprocessing. The DNN-
based noise reduction algorithmshave also achieved 
better performancesthan the conventional methods in 
speech enhancement [4] and speech separation[5]. 
DNNs containing multiple hidden layers of 
nonlinearityhave shown great potential to capture the 
complexrelationships between noisy and clean 
utterances acrossvarious speakers, noise types and 
noise levels.In most of these studies, however, noisy 
signals with different noise environments are trained 
with single model.  
 
The use of situational information or context is 
expected to improve the performance of DNN-based 
denoising. Information of specific noise environment 
can be used as a contextual cue that improves a 
performance of system. There have been a number of 
studies focusing on context-awareness. For example, 
in [6], five noise eventswere classified based on 
HMM. Our proposed method uses DNNs to classify 
the noise environment and estimate ideal ration mask 
(IRM) for speech enhancement in time-frequency 
domain [7]. 
 
II. THE PROPOSED METHOD 
 
The IRMwas adopted as the learning target of neural 
networks for speech enhancement in the previous 
study[7]. The concept of IRM is extended from the 

ideal binary mask, and it performs well as a soft mask 
defined as: 

 
z୍ୖ(t, f) = ୗ(୲,)

ୗ(୲,)ା(୲,)
(1) 

 
where z୍ୖ(t, f)  is the IRM, and S(t, f), N(t, f) 
represents the power spectra of the speech and noise 
signals at the time-frequency unit [8].In this study, we 
develop DNN model to estimate IRM as network 
output. First, in this work, we classify the noise 
environment from noisy speech by passing the 
spectrum magnitude of the speech through a DNN 
classification modelas shown in Fig. 1. Afterthe noise 
environment is classified, the spectral magnitudes of 
the noisy speech entertheenvironment-wiseDNN 
model. We obtain anestimate of the IRM for each 
noisy spectrum andthe estimated IRM is multiplied 
by the spectrum magnitude of the noisy speech to 
generate the estimated clean speech.  

 

 
Figure 1Block diagram of the proposed method. 

 
III. EXPERIMENTS AND RESULTS 
 
For the experiments, we used the TIMIT [9] database, 
sampled at a rate of 16 kHz. As the input data for the 
neural networks, we used a 257-dimensional spectral 
magnitude vector.We considered six kinds of 
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experimental environments, one clean and five noisy 
ones, in training and test. The noises consist of white 
Gaussian, babble, factory, car and siren noise. The 
SNR ranges from -10 to 10dB for the noisy 
conditions. The DNNs that we used for training and 
test have three hidden layers that have 512 nodes 
each. We used adaptive moment estimation (ADAM) 
for the stochastic optimization thatis a powerful 
optimization algorithm [10].  As our first step in this 
study, we considered whether context-awareness 
model accurately classifythe noise types. Accuracy of 
context-awareness model was 99%, so it can be seen 
that noise types of noisy signals were successfully 
classified. Log spectral distance (LSD) was used to 
measure the performance of proposed method. The 
LSDs relativeto clean speech in noisy conditions are 
measured and summarized as shown in Table 1. 
 

 
 
Table 2 shows the LSDs between clean speech and 
the results of each method. As the table indicates, the 
proposed method showed better performance than the 
non-context-awareness method. 
 
CONCLUSIONS 
 
This paper proposed a context-aware approach for 
speech denoising based on deep learning, which first 
classify noisy spectra through DNN models before 
noisy speech spectra are processed. We applied the 
proposed method to the estimation of ideal ratio 
maskthat is used for denoising in the time-spectrum 

domain. Experimental results showed that 
theproposed method is effective in reducing noise in 
various noisy environments. We can conclude that the 
context-awareness method using DNN can be 
successfully used for removing noise. 
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