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Abstract

Speech enhancement is the task of reducing the noise and improving the quality of the speech. U-net and convolutional recurrent networks are

two primary architectures used for the enhancement, and the magnitude of short-time fourier transform (STFT) is used as an input

representation. However, a noisy phase is used for the reconstruction in the STFT, limiting the network's performance. Recently, short-time

discrete cosine transform (STDCT) has been introduced to overcome this problem. In this paper, we have compared U-net and convolutional

recurrent network (CRN) performance for STDCT. Our result shows that U-net outperforms CRN slightly in the performance. However, CRN

is lighter and faster than that of U-net.
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Ⅰ. Introduction

The objective of speech enhancement is to enhance the speech

quality by removing or suppressing the noise. Speech enhancement is

a fundamental task in signal processing and has wide applications in

real world, such as mobile communications and hearing aids. Recently,

the demand for the video calling and video conference has significantly

increased. This has result to the necessity of real time speech

enhancement.

Traditionally, STFT is used as an input representation for speech

enhancement [1]. However, in this approach, only the magnitude is

enhanced and the noisy phase is used for the reconstruction of the

audio. This results in poor performance and limits the quality of the

audio. In order to overcome this problem, complex network-based

architectures [2, 3] has been proposed. Although complex networks

perform outperform than that of the traditional approach, complex

networks are computationally heavy. Thus, they are hard to train and

are slow in comparison to real-valued networks. In order to solve

these problems, STDCT [4] has been recently introduced. Unlike

fourier transform, cosine transform gives real value. Thus, STDCT

results in a real value representation and the problem of noisy phase

is avoided. Similarly, as STDCT is a real representation, complex

network is not required to enhance the speech. The real convolution

or normal convolutional neural network can be used with STDCT for

effective results.

Likewise, there are two main architectures used in speech

enhancement. They are U-net [5] and CRN. Both of these networks

are based on the encoder-decoder concept. The encoder creates a

bottleneck and a latent representation of the input is created, likewise,

the decoder takes this latent representation as the input and construct

the output. The difference between the U-net and CRN is that there

is a recurrent neural network (RNN) present in the bottleneck of the

encoder-decoder architecture in CRN, whereas RNN is not present in

U-net. The main goal in speech enhancement task is to predict a mask

with the help of this architectures and multiply the input

representation to create a clean or enhanced speech. Although these

two architecture is widely used, they have not been compared in a

similar scenario.

In this paper, we have used the STDCT as the input representation

and compared the U-net and CRN for speech enhancement.

Ⅱ. Methods

The u-net architecture has four convolutional blocks in the encoder

and the decoder. The encoder convolutional block consists of

two-layer of convolution, batch normalization, and relu. The decoder

convolutional block consists of transpose convolution to upscale the

input feature maps, followed by two layers of convolution, batch

normalization, and relu. The output of the U-net is passed through a

final convolution layer, which is followed by the tanh activation



Method Pesq

U-net 2.68

CRN 2.67

Table 1 Experimental results

Method

E x e c u t i o n

time in

seconds

T o t a l

parameters in

millions

U-net 0.113 17.2

CRN 0.012 2.2

Table 2 Execution time and total parameters

function to create a mask. Finally, element-wise multiplication is done

between the input representation and the mask created by the u-net

architecture.

Similarly, CRN consist of seven convolutional blocks in the encoder

and the decoder. Each encoder block consists of a convolution layer,

followed by batch normalization and prelu. There are two layers of

LSTM between the encoder and decoder layers. The decoder block

consists of transpose convolution, batch normalization, and prelu.

Similar to that of the U-net, the tanh activation function follows the

output of the CRN to create a mask, and element-wise multiplication

is done between the input and the mask.

Ⅲ. Experiments

1.Experimental setup and dataset

The models are trained in pytorch framework with adam optimizer

[6] and scale-invariant signal to distortion ratio [7] as the loss

function. Voice bank-DEMAND dataset [8] is used as the dataset. The

audio is resampled to 16 kHz before the training, and STDCT is used

as the input representation. Finally, we have used wideband pesq for

the evaluation. The model is trained in a one-second audio frame

cropped randomly from the training data, and testing is done using the

whole length.

2.Experimental result

The models were trained in the setting mention above,

and early stopping is done to find the optimum

convergence point. The pesq value is calculated by using

the whole length of the audio. From Table1, we can

conclude that U-net architecture is slightly better than

CRN. The U-net architecture has a pesq of 2.68, and the

CRN is slightly behind with a pesq of 2.67.

Table 2 shows the execution time and the total

parameters in the two architectures. In order to calculate

the execution time, one-second audio is used. Table 2

shows that CRN is 9.41 times faster than U-net.

Similarly, while comparing the total parameters, U-net

has 17.2 million parameters, whereas CRN has 2.2 million

parameters. U-net has more than seven times the

parameters than that of CRN.

IV Conclusions
In this paper, we have studied the U-net and CRN

architecture for speech enhancement. The experiment was

performed using STDCT. Our result shows that when

trained on the similar setup, U-net outperforms CRN by

a small margin. However, CRN is the faster and lighter

than that of U-net architecture.
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