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1. introduction

In classical speech enhancement algorithms, the
focus is on the removal of additive noise. The simplest type
of speech enhancement is based on spectral subtraction. The
estimate of the average noise spectrum is subtracted from the
noisy speech spectrum to give the enhanced speech spectrum.
This model often leads to large residual noise and musical
artifacts. It has been discussed extensively and summarized
with a generalized form in [1].

While reducing the power of the noise in the signal results in
SNR improvement, it is known that the correlation between
the subjective quality of the speech and SNR is very weak
[2]. Better measures to evaluate the subjective quality of
speech are designed considering the human hearing system.
For example, loudness can better simulate the subjective
quality of the speech and was used in the ITU-T P.862
recommendation [3]. A loudness subtraction method has
been presented in [4] and we will derive a more statistically
precise model based on the Laplacian speech model [5].

For the spectral subtraction approach, the remaining noise
after the enhancement is still high when the SNR is low. The
spectral over-subtraction method has been proposed to
provide further improvement [6]. It implements a SNR
dependent subtraction factor which applies a higher
subtraction factor in the lower SNR frames and vice versa.
We will extend the over-subtraction approach to the proposed
approach in loudness domain.

This paper is organized as follows. The speech enhancement
approaches based on the loudness subtraction and the
proposed over-subtraction model are discussed in Section 2
and 3, respectively. In Section 4, simulation results are given.
Conclusions are given in Section 5.

2. loudness subtraction model

In the PESQ measure, the relative quality of a speech signal
depends on the difference in the loudness domain between
the signal and the reference (clean) speech signal. This
suggests implementing a speech enhancement in the loudness
domain. For simplicity, we will use the power law of

loudness: N'—C 1l C, there N ' is the specific loudness in

a frequency band, | is the physical intensity. C and c are
constants. In this paper, we assume c = 0.27.
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A generalized loudness subtraction algorithm is proposed as
follows:

12— (y2) - a(y2cc, (1)
where a is defined as the subtraction factor. To maintain the
loudness of the reconstructed speech at the same levels as the
original clean speech, we can show that

a—efyz2c - X CHe {n 2c} ()]
Define the Noisy-Signal-to-Noise Ratio (NSNR) as: NSNR

=e Y 2}/e {n 2}.The parameter a is determined in terms

of the measurable signals as follows. Two independent
sources are used to simulate the speech and noise in the
frequency domain. The clean speech X is assumed to have
Laplacian distribution, while the noise N is Gaussian [5].
Both sources are zero mean and with variances determined
by the specified NSNR. The resulting selection of a is shown
in Figure 1 (the solid line) as a function of the NSNR.

3. proposed loudness over-
subtraction model

The approach in the previous section subtracts a
portion of the average loudness of the noise from the noisy
speech signal. Given that the noise is random, the actual
loudness of the noise will not be the same for all the samples.
There will always be fluctuations around average which will
lead to large noise residues in the enhanced signal.

In this paper, we focus on removing an over-estimate of the
noise from the noisy signal in the loudness domain. This can
be done through increasing the value ofa . As a increases,
more noise will be deducted but the enhanced speech will
likely be more distorted. If a is chosen carefully, the
improvement of the SNR will compensate for the larger
distortion ofthe speech.

Using the general nature of the spectral over-subtraction
factor in [6], we adjusted a to optimize the performance in
the algorithm in loudness domain. This over-subtraction
scaling factor is chosen to be 5 below 0dB NSNR, 1 beyond
20dB NSNR and changing linearly between 0 and 20 dB.
This scaling factor will be multiplied by a selected in the
last section using (2) before being used in (1). The resulting
subtraction factor is depicted in Figure 1with the dotted line.
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4. SIMULATIONS

In this section, the subtraction and over-subtraction
approaches are compared in both loudness and spectral
domains. White stationary noise is added to the clean speech
signal with different SNRs from 0 dB to 20dB. The FFT of
the noisy speech is obtained on a frame-by-frame basis. The
phase of the FFT is maintained separately for reconstruction.
The loudness of the noise is estimated with the use of a noise
memory [5]. The spectrum of enhanced speech components
is estimated using (1). The subtraction factor of subtraction
and over-subtraction in loudness domain is shown in Figure
1. The approach in [4] is a different loudness subtraction
algorithm with a = 1 The noisy speech signal is enhanced
with the spectral subtraction and over-subtraction, loudness
subtraction (both the algorithm in [4] and the proposed
algorithm) and over-subtraction.

Figure 1: The subtraction factors for loudness domain approaches

The enhanced speech is then reconstructed with the original
phase and inverse FFT. The PESQ, a popular objective
measure of speech subjective quality, is shown in Table 1 for
enhanced signals. The results confirm that using the over-
subtraction of noise in an adaptive way in the loudness
domain leads to the highest PESQ scores. Similar tests have
been done with the segmental SNR and Log-Likelihood
Ratio (LLR) measures showing that the loudness over-
subtraction continues to provide an improvement. For the
LLR measures, the loudness over-subtraction has slightly
higher distortion than the loudness subtraction. Both methods
in the loudness domain have lower distortion than the
corresponding methods in spectral domain.

5. CONCLUSIONS

In this paper, we presented speech enhancement
approaches based on loudness subtraction and over-
subtraction. The subtraction factor is selected adaptively for
each frame based on the NSNR of the speech signal. These
approaches in the loudness domain result in improved
Segmental SNR, improved PESQ scores and less distortion
compared to the corresponding algorithms in the spectral
domain.
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Table 1: Comparison of PESQ scores for spectral subtraction, spectral over-subtraction, loudness subtraction, loudness over-

subtraction and the approach in [4].
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