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ABSTRACT

This paper investigates dereverberation and sound event classification techniques, with the aid of deep
learning. The proposed system consists of two units: a microphone array front-end and a deep learning
back-end. The system is examined in the context of two important acoustic signal processing:
dereverberation and sound event classification (SEC). For the dereverberation problem, a neural
network-based approach is compared with other state-of-the-art methods such as beamforming, the
multi-channel inverse filtering (MINT), the multi-channel Wiener filter (MWF), and the variance-normalized
delayed linear prediction (NDLP). For the SEC problem, two approaches are also compared. Approach 1 is
based on the signals enhanced by the microphone array front-end, which serves as the input to the back-end
deep neural network (DNN) classifier. The DNN is implemented by using the VGGNet®. Approach 2 is a
direct approach that uses reverberant data directly to train the classifier without the front-end enhancement.
The audio features are extracted as MFSC from the AudioSet from Google®. A room response simulator
based on the image source method is employed to create reverberant signals for numerous RT60 conditions in
the training phase. Perceptual evaluation of speech quality (PESQ) and Fl-score are adopted to assess the
audio quality and classification performance.
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1. INTRODUCTION

In Automatic Speech Recognition (ASR), the quality of speech signals can be degraded due to
acoustically adverse factors such as background noise and reverberation. Reverberations are more
intractable than background noise because the direct sound and reflections are mutually correlated. In
the past, dereverberation algorithms (1-3) were proposed to enhance the speech quality.

A straightforward way of eliminate reverberation is to deconvolve the reverberant signals using
the room impulse responses (RIRs). The Multiple Input /Output Inverse Theorem (MINT) (4, 5) was
suggested to deal with dereverberation problem with great success. However, this approach requires
the prior knowledge of RIRs with fixed source-receiver positions. Alternatively, the Multichannel
Wiener Filter (MWF) (6) which consists of a Minimum Variance Distortionless Response (MVDR)
cascaded with a single channel post filter can be used. On the other hand, linear prediction
(LP)-based methods exploit the fact that the late reverberation is correlated with the direct signals.
Based on this notion, the Variance-Normalized Delayed Linear Prediction (NDLP) (3, 8) was
proposed to eliminate late reverberation signals.

Recently, Deep Neural Networks (DNN) have emerged as powerful tools for regression and
classification problems. For dereverberation tasks, some methods (8, 9) attempt to map reverberant
features into anechoic features, while others (10, 11) map input features into a time-frequency mask.
In this paper, DNNs are employed to handle dereverberation and sound event classification (SEC)
tasks. For dereverberation problems, fully connected neural networks are compared with the
traditional methods. For classification problems, two approaches are compared. In approach 1,
dereverberation algorithms were applied to enhance the sound event data convolved with room
impulse responses (RIRs). Approach 2 can be regarded as an end-to-end approach, where the
reverberant features and clean features are jointly fed into the neural network. Finally, the
performance of algorithms is discussed and concluded.
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2. MULTICHANNEL DEREVERBERATION METHODS

2.1  Multiple-input/output Inverse Theorem (MINT)

Consider the scenario with one source and a 2-microphone array. The system convolution matrix

can be written as

g,(0) 0 0 0
g, (1) g,0) 0 0
g,() :
G, =|g, (L, 2,(0) n=1,2, (1)
0 g,(L,-1) g, (1)
0 0 gL~

where g = stands for room impulse response from the source to the n-th microphones. The

dereverberation problem can be written as a model matching problem

2

hl
m=Gh, +G,h, =[G, Gz]h =Gh,

)

where h stands for filter coefficients and M stands for matching model. The model matching
problem can be rewritten as

0 2,(0) 0 0 0 2,(0) 0 0 0 h,(0)
: & &0 0 0 &1 &0 0 0 h(1)
1 & &M :
C=E &L =D g0 &L, -D g, 0) || A (L, =1 (3)
: 0 gl(Lg -1 g 0 g2(Lg -1 &M h,(0)
10] | 0 0 g(L,-D 0 0 g(L, —1)_ | (L, = 1) |

A regularized least-square solution can be written as

h=(G"G+41)'G"m, (4)

where [ stands for regularization parameter.

2.2 Multichannel Wiener Filter (MWF)

Consider a scenario with a single speech source and M >2 microphones. The m-th microphone
signal, m=1, .., M , of frequency index k& and frame index [ is given by

X (k)=X, (k)+X

d,m r,m

(k,l), where X (kD) denotes the direct and early reverberant signal
and X, (k1) denotes the late reverberant signal. Thus, the reverberant signal can be written in
vector form

x(k,l)=x,(k,[)+x (k,]), &)
where x(k, 1) =[X,(m1) X,(m]l) - X, (m,l)]r. Modeling the source signal as single point-source, the
vector x (k,/) can be written as

X, (k,[)=d(k)S(k, 1), (6)

where S(k,[) is the target signal and d(k)=[Dl(k) D, (k)
microphone array. The Power Spectral Density (PSD) matrix, Rx(k,l)ZE{X(k,l)XH(k,l)}, can be

D, (k)]T is the steering vector of the

written as

R, (k) =R, (k,))+R, (k1) ™
Using Equation 6 in the matrix R (k,/) leads to



R, (k)= (k, Dd(k)d" (), (8)

where @ (k,[) is the PSD of the late reverberant signal and I'(k) denotes the time-invariant

normalized spatial coherence matrix of the late reverberation. The output signal Z(k,l) is given as
Z(k,ly=w"(k,D)x,(k,))+w" (k,][)x,(k,]) )

From (12), the optimal weight of the MWF can be derived as an MVDR beamformer w, . cascaded

with a single-channel Wiener postfilter

w - r'd @, () 0
Wd Ao, (h+@, () (19)
In (6), the Eigenvalue Decomposition (EVD) estimator was proposed to estimate reverberation level
- 1
@ =m(fr{Rx(l)F_l}—/%{Rx(l)F"})» (11)

where tr{-} denotes matrix trace and /11 {} denotes the largest eigenvalue.

2.3  Normalized Delayed Linear Prediction
Consider an acoustic scenario in which a single source signal is captured by M microphones in a
reverberant room. The signal x[(’”) picked up at the m-th microphone and time index ¢ can be modeled
as
X" =d" +1", (12)

(m)

where dt(m) is the direct signal and the early reflections and '™’ is the late reverberation. As shown

in (13), the observe signal in Equation 12 can be rewritten as

Lm LL

-1
(m") (m',m) (m)
X o +d™, (13)

x" =
m'=1 k=0

Where c,(('") is the filter coefficient of m-th microphones, L is the number of the microphones

and LW is the length of the filter coefficient. Equation 13 can be rewritten in vector form as

(m) __ ¢ (m)\T )
X" =(e")'x,_, +d™, (14)
where
x, =[x )" ()] (15)
x" =" X T (16)
™ =) (e e ()T (17)
¢ = [ (Y e (YT (18)

In Equations 12 and 13, the late reverberation in the observed signal is predicted using a D-step
linear predictor by convolving past observed signals with the filter coefficients ¢™ of the order of
L.. By doing so properly, the prediction residual signal is the desired signal dt(’”). So the desired

signal can be estimated from Equation 14. By maximizing the log-likelihood function in (7), the
least-square solution of the regression coefficients is
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(m)

¢ = {2 = D} {2 (19)

where the superscript “ +” stands for pseudo inverse.

2.4 DNNs-based Dereverberation

A deep neural network (DNN) is a machine learning method based on artificial neural networks
with multiple hidden layers inserted between the input layer and the output layer. Similar to the
network architecture in (9), the proposed DNN is depicted in Figure 1
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Figure 1 — Fully connected neural network with 5 hidden layers of 1024, 1024, 1024, 512, 128 nodes
Let the signals received by M microphones be 7,(¢), i=1,2,---M . In order to incorporate temporal

dynamics, we include the spectral features of neighboring times into a feature vector r,(7):

v =[r@t—-d) - r@ - r@+d)] (20)

where dl. denotes the frame size in the i-th channel. As a result, the input vector is a concatenation of

selective signal frames comprised spatially from each microphone and temporally from adjacent time

indexes:
rO=r® 5@ - 1,0] 1)
In the training phase, the output signals of the DNN x(¢) are calculated by forward propagation,

while the network parameters are updated through backpropagation by minimizing the mean square
error. In the testing phase, the forward propagation will be performed to reconstruct the desired
signals from the input features.

3. SOUND EVENT CLASSIFICATION (SEC)

3.1 Sound Event Dataset and Feature Extraction

The dataset is a subset of AudioSet from Google®. It consists of 4 classes of domestic sound
events and 4400 sound clips in total. The data are firstly clipped into 10-second segments and then
divided into training dataset (3400 audio clips) and evaluation dataset (1000 audio clips),
respectively. Features extraction is performed on the data input to models. Mel-frequency cepstral
coefficients (MFCCs) have been widely used as features for conventional methods. However, log
mel-frequency spectral coefficients (MFSCs) are increasingly popular because the cosine transform



performed at the last stage in calculating MFCCs may not preserve locality. In this paper, frames are
processed with hamming windows and 1024-point FFT, and 256 hop size.

3.2 Network Architecture

Convolutional neural networks that have been widely used in image recognition tasks are utilized
here in sound event classification tasks. Visual Geometry Group Network (VGGNet) (14) from
ImageNet Large Scale Visual Recognition Competition (ILSVRC) 2014 is one of many well
developed CNN-based architectures. By using 2 concatenated 3 x 3 filters, it actually covers a 5 x 5
region. Thus, large-size filters are not required and the number of parameters can be reduced. In this
paper, VGG-like Network was used. Since the size of dataset is smaller than ImageNet (15), the
proposed VGG-like network only adopted 6 convolutional layers to prevent overfitting. The overall
architecture is depicted in Figure 2.

I Convolution Layer I Fully Connected Layer

Figure 2 — The proposed VGG-like network. Hyper-parameters are indicated. For example, (3 x 3, 40)

MaxPool
MaxPool
MaxPool
MaxPool

(e

Cross Entropy

Softmax

symbolizes that the filter size is 3 x 3 and the number of filters is 40. 1280 means the number of node.

4. SIMULATION AND DISCUSSION

4.1 Image Source Method (ISM) Simulation

In this section, the proposed DNN is examined in a reverberant environment with reverberation
time T60 ranging from 0.1 to 1 sec with an increment of 0.1 sec. The RIRs were simulated using ISM
(16). Eight microphones are placed along a straight line at (4, 1, 2), (4, 1.1, 2), (4, 1.2, 2), (4, 1.3, 2),
(4,1.4,2),(4,1.5,2),(4,1.6,2), and (4, 1.7, 2) meters in a rectangular room with dimensions 6 x 4 x
2 meters. The sound source is positioned at (2, 3, 1.5) meters.

4.2 PESQ Evaluation

To begin with, PESQ is used to evaluate the dereverberation performance when applying to a
10-second speech clip. The speech signal is filtered by RIRs with different T60’s. Figure 3 compares
the dereverberation performance of all algorithms investigated.

MINT i .
DNN ~0
NDLP

OxX+ %0

Reverb

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
160(s)

Figure 3 — Comparison of dereverberation algorithms for different reverberation times (T60).
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It can be seen from the results that the MINT performs the best in dereverberation, while it requires the
prior knowledge of the room response. On the other hand, the DNN approach outperforms the NDLP and

MWF methods in a more practical setting where the information of room responses is not available.

4.3 F1-score Evaluation

In this section, F1-score is used as the performance metric of sound event classification without
or with the reverberation, as shown in Table 1.

Table 1 — F1-score Evaluation

Case Training Testing Fl-score
1 Clean Clean 0.84
2 Clean Reverb 0.76
3 Clean MINT 0.84
4 Clean MWF 0.78
5 Clean NDLP 0.70
6 Clean DNN 0.82
7 Mixed Reverb 0.85

In the table, “Clean” represents the unprocessed anechoic data. “Reverb” means the reverberant
signal (T60=0.5sec). “Mixed” means the signals combining the “Clean” and “Reverb” signals.
“MINT”, “MWF”, “NDLP”, and “DNN” represent the signals dereverberated by using MWF, NDLP,
and DNN.

5. CONCLUSIONS

Dereverberation approaches using an end-to-end DNN-based approach has been compared with
existing two-stage methods, MINT, MWF, and NDLP. The results have demonstrated that the
DNN-based approach is more advantageous than the two-stage methods in terms of its
dereverberation performance and its room acoustics-free implementation. However, as a limitation,
the proposed DNNs-based method requires a large quantity and high quality dataset.

Dereverberation algorithms are also compared for SEC tasks. Although the two-stage methods are
effective in dereverberation, they suffer signal distortions and hence degraded classification rate in
F1-score. In contrast, the end-to-end DNN-based approach using mixed data (case 7 in Table 1) has
demonstrated superior classification performance over two-stage methods.
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