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Abstract

Acoustic background noise in mobile speech communication systems, while
largely inevitable, can have a severely detrimental effect on speech intelligi-
bility. Noise suppression is highly desirable in these systems. However, the
process of reducing noise in a speech signal is associated with distortion of
the processed signal, the severity of which is generally proportional to the
amount of noise suppression applied. Placing the noise suppression at the
decoder side of a communication link, allows for user control, but for a speech
coder to be used for coding noisy signals it must be robust to noise. The
thesis explores these two issues regarding this type of system: 1) To eval-
uate the feasibility of decoder based noise suppression, the effect of coding
noisy speech signals with the Adaptive Multi Rate codec (AMR) at several
bit-rates is evaluated for various noise types and noise levels, using objec-
tive methods. The results show that the coding is robust to noise and has
a signal enhancing effect in these tests. 2) User control is simulated using
the noise suppression system present in the Enhanced Variable Rate Codec
(EVRC) and user control over several system parameters is implemented and
evaluated using subjective tests. The results of these tests show significant
differences in individual preferences.
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Chapter 1

Introduction

1.1 The need for noise suppression

When communicating via telephone it is inevitable that the microphone in
the transmitting terminal picks up, at least to some extent, any acoustic
background noise present, in addition to the speech sound. In civilian appli-
cations, this has tended to be fairly low level noise. Severe additive acoustic
noise used to be the concern of engineers of military communication sys-
tems. Indeed, many early papers detailing noise suppression techniques are
aimed at reducing noise of the type encountered in helicopter- and jet aircraft
cockpits [2][3].

In more recent times the widespread use of digital mobile phones has
brought these problems into the focus of civilian telecommunications engi-
neering. Many cell-phone conversations are carried out in cars, on public
transportation and on busy city streets, with any number of acoustic noise
sources present at levels that can be quite high. Although human percep-
tion of speech is highly resistant to additive noise [8], it is annoying and can
reduce speech intelligibility. Thus, there is a need for noise suppression in
mobile communication systems.

An area of digital speech signal processing where noise suppression is a
key component, is automatic speech recognition and speaker authentication.
The error rate of these systems increases dramatically with the presence of
noise in the input signal [9]. This is unfortunate, since environments where
these systems can be assumed to be helpful include noisy environments, such
as vehicles and factories for speech recognition, or streets and driveways for
speaker authentication. Effective noise suppression that can handle a wide
range of non stationary noise is highly desirable as a pre-processor to these
types of systems.
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1.2 Noise suppression system configurations

The noise suppression (NS) systems used in telecommunications today are
mostly of the type designed to operate on time domain (TD) signal sam-
ples. As such these systems are fairly stand alone processing blocks. In
the conventional configuration (see figure 1.1), assuming a system with noise
suppression, NS processing is performed on the signal before coding it for
transmission. This has the advantage of presenting the coder with a less
noisy signal, which can improve its performance. However, if the coder is ro-
bust to noisy input, the NS system could be placed at the decoder (receiver)
side, as in figure 1.2. This has the advantage of enabling user control over
the noise suppression system. The terminal at the receiving side could be
equipped with a control for noise suppression, much like the volume control
of mobile handsets today. Also, as is discussed in section 4.4, the speech cod-
ing process can have a signal enhancing effect on noisy speech. A decoder
based noise suppression system could be designed to exploit this.

 

Coder Decoder 
Noise 

Suppresson 
Transmitting 

Network 

TD Samples Codec Parameters TD Samples 

Transmitter Receiver 

Figure 1.1: A speech communication system with a pre-processor noise sup-
pression system (Conventional configuration).

Systems working on codec parameters have also been suggested [10][11].
These can be placed either in the transmitting network or before the decoder
in the receiver. The implementation of NS on codec parameters differs in
many ways from systems operating on signal samples, and is beyond the
scope of this thesis.
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Figure 1.2: A speech communication system with a post-processor (decoder
based) noise suppression system.

1.3 Motivation and objectives

Acoustic background noise can have a severely detrimental effect on speech
intelligibility and perceived signal quality in mobile communication systems.
Effective noise suppression is a very desirable feature for these and many
other speech signal applications. This thesis will focus on noise suppression
in a mobile phone context, using existing commercial systems.

Unfortunately, NS processing introduces distortion, the magnitude of
which tends to increase with the magnitude of the noise suppression. User
control would enable the listener to adjust the trade-off between distortion
and noise level according to his/her preference. Placing the NS processing at
the decoder (receiver) allows user control, but requires the coder to be able
to handle a noisy input signal. Thus, speech coding will be studied and the
effect of coding a noisy speech signal will be evaluated.

User controlled noise suppression will be evaluated in the context of a
simulated application. For this, a state-of-the-art commercial NS system
will be thoroughly studied. Using objective measures, it will be shown to be
able to function in a post processor configuration. While the motivation and
implementation for commonplace user sound controls such as volume and
tone (bass-treble) are relatively straight-forward, the case for noise suppres-
sion is not. Taking as starting point our chosen NS system, a small number
of parameters of the system will be selected for testing user control, based
on their subjective impact. The evaluation will be in the form of a series of
listening tests.

4



1.4 Outline of contents

In Chapter 2, an overview of noise suppression techniques and their classi-
fication is given. Special attention is given to Spectral subtraction, which
is the basis for many current noise suppression systems. The next chapter
focuses on the problem of noise estimation, which is a difficult but essential
part of any noise suppression system. In Chapter 4, speech coding and the
effects of coding noisy speech is explored. Chapter 5 is a detailed descrip-
tion of the noise suppression system present in the Enhanced Variable Rate
Codec and the following chapter discusses user control over this particular
NS system. The evaluation of coding noisy speech is presented in Chapter
7, as well as the details and results of a listening test that simulated user
control of the EVRC NS system. Conclusions and suggested future work are
given in Chapter 8. The appendix contains details on specific parts of the
EVRC NS system.
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Chapter 2

Noise suppression

2.1 Classifying noise suppression methods

Today, there exists a multitude of noise suppression methods for speech sig-
nals, and the ways to classify them are many as well. They can be either time
domain methods, such as [6] [7], which work directly on the signal samples, or
frequency domain methods, in which the signal is first transformed, via e.g.
the Fourier transform. All processing is then carried out on the frequency
domain representation of the signal, and the result is finally transformed back
to the time domain.

The noise suppression systems described in this thesis are based on the
noise suppression system present in the Enhanced Variable Rate Codec (EVRC)
[15], which uses a frequency domain method to suppress background noise.
A detailed description of the EVRC noise suppression system can be found in
section 5, while the general theory behind the method (spectral subtraction)
is discussed later in this chapter.

Any signal processing scheme is ultimately limited by the available input
signal(s). Multi channel systems, with several microphones, can use beam-
forming techniques to achieve a higher signal to noise ratio by directing the
pick up at the speaker. With a multi channel system using two microphones,
one microphone can be placed close to the source of the desirable signal, while
the other is placed a bit further away, so that it mostly picks up background
noise. The noise in the microphone close to the source, called the primary
signal, is correlated to that from the other microphone, called the reference
signal. In adaptive noise cancellation (ANC), the reference is filtered, using
an adaptive filter, and subtracted from the primary signal [16]. The sys-
tems described in this thesis are all single channel applications, multichannel
techniques are not used.
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One can also separate systems into parametric and non-parametric sys-
tems. Parametric systems, e.g. [4] [5], map the input signal onto a parameter
space according to some model. The processing is performed on the parame-
ters and the result is used to reconstruct the output signal. Non-parametric
systems work directly on the time domain signal samples or some transforma-
tion of the signal that is not model based, e.g. the discrete fourier transform
(DFT) of short blocks of the signal. The noise suppression method used in
this thesis is non-parametric.

2.2 Spectral subtraction

Spectral subtraction is the method used in the noise suppression systems in
this thesis. It is a frequency domain, non-parametric method which attempts
to reduce the average effects of additive acoustic noise by subtracting an esti-
mate of the noise spectrum from the input signal. One of the defining papers
describing spectral subtraction as a means for suppressing acoustic noise in a
speech signal was written by Steven Boll in 1979 [2]. Though much research
has been made in the field of speech enhancement and noise suppression,
the method described by Boll is still the basis for many contemporary noise
suppression systems. This is likely due to the fact that spectral subtraction
is a fairly robust, low complexity method. However, although it is straight-
forward to implement in principle, it is far from a perfect method and care
must be taken to minimize distortion and artifacts in the processed signal.

Consider the single channel noise reduction problem, where the desired
signal s(n) has been corrupted with additive noise, v(n), which is assumed
to be uncorrelated with s(n), according to

y(n) = s(n) + v(n). (2.1)

The input signal, y(n), is processed in short segments, frames, which are
generally 10-30 ms in duration [13]. It is assumed that for the duration of a
frame, s(n) and v(n) can be considered to be wide sense stationary. Spectral
subtraction can be performed on either the short time magnitude spectrum
of y(n), |Y (ω)|, or the power spectrum |Y (ω)|2. The idea is to subtract an
estimate of the short time magnitude or power spectrum of the noise from
that of the input signal, to obtain an estimate of the clean signal spectrum.
For power spectral subtraction

|Ŝ(ω)|2 =

{
|Y (ω)|2 − |V̂ (ω)|2; if |Y (ω)|2 > |V̂ (ω)|2

0; otherwise
, (2.2)
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where |Ŝ(ω)|2 is the estimated short-time power spectrum of the clean signal
and |V̂ (ω)|2 is the time-averaged estimate of the short-time power spectrum
of the noise. Power spectral subtraction can also be expressed, and is com-
monly implemented as, a multiplication with a time varying filter according
to

|Ŝ(ω)|2 = H(ω) · |Y (ω)|2 (2.3)

where

H(ω) =





1− |V̂ (ω)|2
|Y (ω)|2 ; if |Y (ω)|2 > |V̂ (ω)|2

0 ; otherwise
. (2.4)

Spectral components of the input signal that have a high level compared to
the noise are emphasized, as components are more attenuated the closer their
levels are to that of the noise. The phase of the input signal is not modified,
thus the estimate of the clean signal will still have the phase of the noisy
signal. This has little effect on the perceived quality of the resulting signal,
since human hearing is relatively insensitive to phase [8]. Other factors have a
far greater impact. Firstly, it is critical for the noise estimate to be accurate.
Noise estimation is a major problem in itself and is the subject of the next
chapter. Suffice to say that a deviation in the noise estimate from the real
noise will result in some residual noise in the output signal. One of the major
drawbacks with subtractive noise suppression is that the residual noise tends
to be modulated. It can have a tone-like quality which is annoying to a
human listener. This is musical residual noise. Several techniques are used
to minimize the presence of musical residual noise. One is to apply over
subtraction, which can be expressed as multiplying the SNR estimate with a
factor α > 1 when calculating the subtraction filter, so that the filter takes
the form

HOS(ω) =





1− α · |V̂ (ω)|2
|Y (ω)|2 ; if |Y (ω)|2 > |V̂ (ω)|2

0 ; otherwise
. (2.5)

This will attenuate the short-term spectrum more, causing a reduction of
the residual noise peaks [17], but increasing the distortion of the signal.
Another method, which does not exclude the use of over subtraction, is
spectral flooring, whereby the subtraction filter is limited to a minimum
value Hmin > 0. This results in more background noise being present in the
signal, which can have a masking effect on the residual noise.

Other ways to formulate the noise suppression rule detailed above have
also been suggested, e.g. [18]. These have been shown to be able to reduce
some of the artifacts associated with spectral subtraction, but at the cost
of added complexity compared to the basic spectral subtraction method.
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Although presented well over a decade ago, these methods have yet to be
implemented widely in commercial speech communication systems. Indeed,
the noise suppression system which is the focus of this thesis, i.e. the noise
suppression present in EVRC, is based on a very simple suppression rule.
Low complexity is a high priority in speech communication systems.
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Chapter 3

Noise estimation

Thus far we have focused on how to reduce the noise in a signal once an
estimate of the noise spectrum has been obtained. As mentioned, the method
of spectral subtraction is highly dependant on the quality and validity of this
estimate. Finding an estimate of the background noise is a central problem
in the field of noise suppression.

3.1 Voice activity detection

The most common way to produce this estimate is based on the fact that
speech has frequent pauses. During these the signal can be assumed to
contain only noise and the noise spectrum estimate can be obtained as the
time averaged spectrum of the input signal. To prevent rapid changes in the
noise estimate, which could cause annoying artifacts in the processed signal,
it is usually updated using a smoothing algorithm. Since the noise estimate
can only be updated in speech pauses, it is likely to differ from the actual
noise during speech segments, unless the background noise is completely
stationary. Also, detecting speech pauses is not a trivial problem, especially
at high noise levels. Nevertheless, techniques based on this method, known as
voice activity detection (VAD), are widely used in noise suppression systems
today, as they offer fairly good performance and low complexity. The noise
spectrum estimation for the noise suppression system in EVRC is based on
a VAD scheme (see section 5 for a detailed description). In more recent
publications, e.g. [9], other methods have been presented, which allow the
noise estimate to be continuously updated.
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3.2 Quantile based estimation

In [9] Stahl et al present a method called quantile based noise estimation.
This method is based on the statistical fact that in a speech signal, even
during segments containing speech, the energy in any given frequency band
is at the noise level during a significant percentage of the time. Consider
a speech signal with power spectrum |S(ωk, t)|2 that is contaminated with
additive noise with power spectrum |V (ωk)|2 to form the observed signal
|Y (ωk, t)|2 according to

|Y (ωk, t)|2 = |S(ωk, t)|2 + |V (ωk)|2, (3.1)

where ωk represents a frequency band and t is the frame index. For each
frequency band, the power spectra of the frames of the observed signal
|Y (ωk, t)|2, t = 0..T are sorted such that

Y (ωk, t0) ≤ Y (ωk, t1) ≤ . . . ≤ Y (ωk, tT ). (3.2)

The noise power spectrum can now be estimated by taking the qth quantile
over time in each frequency band:

V̂ (ωk) = Y (ωk, tbqT c), (3.3)

where q = 1 yields the maximum, q = 0 the minimum and q = 0.5 the
median. Stahl et al found that q ≈ 0.5 seems to provide the best noise
spectrum estimate. The advantages of being able to continuously update
the noise and not having to detect speech pauses are offset by the added
complexity and memory requirements inherent in this method. Also, the
method described above is designed for stationary noise. If the noise is non-
stationary, the noise estimation should be based on observations stored in a
buffer of limited length. Choosing the length of such a buffer is a trade-off
between how accurate the estimation will be for stationary noise and how
quickly the system will adapt to changes in the noise.
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Chapter 4

Speech coding

In order to transmit an audio signal over a digital channel, it has to be coded
into bits. In its most trivial form, this coding can consist of sample amplitude
values encoded as binary numbers of, e.g., 8-bits each. This raw data format,
known as Pulse Code Modulation (PCM), is quite inefficient though. For
efficient use of available network resources, the data rate (bits per second,
bit-rate) should be as low as possible. More sophisticated coding strategies
can lead to significant reductions in bit-rate, with minor loss of signal quality.
When coding speech for telecommunication, it is not necessary for the coded
(processed) signal to be completely true to the original, as long as it is clear,
intelligible and sufficiently natural sounding. For transmission of music, e.g.,
the demands on fidelity are generally much higher. Coders for high-fidelity
applications are outside the scope of this text.

4.1 The source-filter model of speech produc-

tion

The speech coders used in this thesis work by finding a set of parameters
that can be used to reconstruct the input speech waveform, according to
a model of the human speech production system, rather than coding the
actual sample values directly. The basic assumption is that short segments
of speech can be modelled as the response of a linear quasi-stationary system
to an excitation [12]. The linear system is the vocal tract, modelled as an
all-pole filter of order p , with a transfer function of the form

V (z) =
1

1−∑p
k=1 akz−k

(4.1)
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The excitation is the output of the vocal cords (larynx), which is periodic in
voiced speech and noise-like in unvoiced speech. Thus, the speech signal is
modelled as

s(n) =
p∑

k=1

aks(n− k) + u(n) + e(n) (4.2)

where u(n) represents the excitation from the vocal cords and e(n) is the
modelling error. To use this model in a speech coder, the parameters repre-
senting the vocal tract, ak , must first be estimated. It is assumed that the
vocal tract can be considered to be stationary for up to 20 ms at a time. Ac-
cordingly, the vocal tract parameters are estimated for signal frames (blocks
of data) of about 10-20 ms in duration. Furthermore, a 10th order system is
normally used to represent the vocal tract, i.e. p = 10. The excitation, u(n),
and the modelling error, e(n), are combined in one single error term, g ·w(n),
where g is a gain factor and w(n) is taken to be white Gaussian noise with
zero mean and unit variance. The vocal tract parameters are estimated as
the optimal parameters in the Minimum Mean Square Error (MMSE) sense.
This criterion leads to a set of linear equations, for which there are several
efficient solution methods [13].

4.2 Code excited linear prediction

The codecs used in this thesis include the Adaptive Multi Rate (AMR) [1]
and the Enhanced Full Rate Codec (EFR) [14], which is used in the GSM
digital cellular telephone system and is also the basis for AMR at the 12.2
kbits/s rate. They are all based on Code Excited Linear Prediction (CELP).
At the coder (transmitter), for each input signal frame, the Linear Prediction
Coefficients (LPCs) are computed. These are quantized and transmitted to
the decoder (receiver). By filtering the input signal through the filter de-
fined by the LPCs, the residual part of the signal is obtained. This signal,
the excitation, needs to be transmitted for the decoder to be able to recon-
struct the input speech. Code Excited means that the residual is quantized
using Vector Quantization (VQ), so that the residual parameters are actually
transmitted in the form of indices into a codebook. The quantization of the
residual in EFR and AMR involves both an adaptive and a fixed codebook,
and is outside the scope of this text. Relevant to this thesis, however, is that
in these codecs the LPCs are also quantized using VQ. As well as allowing for
efficient quantization, this can also have an enhancing effect on the spectral
envelope of the input signal.
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4.3 Vector quantization of spectral coefficients

The principle for vector quantization of spectral coefficients is shown in figure
4.1. The coder and decoder share a codebook of N vectors. At the coder,
the quantizer compares the input vector, b, with the vectors stored in the
codebook, a. The output of the quantizer is the index, i, of the codebook
vector which is closest, according to some measure, to the input vector.
This measure is called the distortion measure. Because LP coefficients are
sensitive to quantization errors, they are not quantized directly. Instead,
the LP coefficients are first transformed to the corresponding Line Spectral
Frequencies (LSF), and these are then used as input to the quantizer. The
vector quantization in EFR is performed by finding the codebook index, i,
which minimizes the distortion measure, ELSF , according to

ELSF =
10∑

k=1

wk

(
fk − f̂ i

k

)2
, (4.3)

where fk is the kth input LSF, f̂ i
k is the kth quantized LSF at index i and wk

is the kth weighting factor. The weighting factors are given by

wk =

{
3.347− 1.547

450
dk for dk < 450

1.8− 0.8
1050

(dk − 450) otherwise
(4.4)

where dk = fk+1 − fk−1 with f0 = 0 and f11 = 4000. The codec exploits
the fact that the LSF representations of the spectral coefficients are grouped
in pairs close to the spectral peaks (formants), and weighs the errors at the
peaks more than those in the valleys. This improves the performance of the
spectral VQ for speech input and, as a side effect, it also makes the quantizer
robust to noisy speech input.

At the decoder, the output is calculated as the LPC vector that corre-
sponds to the ith LSF vector in the codebook. Thus, the output is limited to
the vectors stored in the codebook.

In the EFR codec, the codebook for quantizing the spectral coefficients
is trained from clean speech. That is, the vectors stored therein represent
the spectral envelopes of clean speech frames. When the input vector is
speech corrupted by additive noise at a moderate level, it seems likely that
the quantizer would have a good chance of choosing a codebook vector that
is close to the actual speech, without the noise, effectively enhancing the
spectral envelope of the input signal.
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Figure 4.1: The general principle of vector quantization.

4.4 Spectral effects of coding noisy voiced speech

For voiced speech segments, the LP spectrum tends to take the form of
fairly defined peaks, centered at the formant frequencies, which correspond
to resonances in the vocal tract of the speaker. When noise is added to a
speech signal, the spectral peaks tend to become flattened and less defined.
As formants play a significant role in human speech perception, it is desirable
to reproduce the envelope of the LP coefficients as accurately as possible, with
emphasis on the peaks around the formant frequencies.

To study the spectral effects of coding a noisy speech signal using the EFR
codec, a clean speech signal was corrupted by white noise at 10 dB SNR.
The noisy signal was subsequently coded-decoded with EFR. The spectra
obtained from 10th order LP analysis of the clean signal, the noisy signal
and the noisy signal after coding-decoding with EFR was plotted for three
voiced segments. The three voiced segments will be referred to as segments
A, B and C, respectively (see figures 4.2, 4.3 and 4.4). Compared to the
spectra of the clean signal, the spectra of the noisy signal show flattened
peaks. Also, the level is higher because of the added noise. After coding and
decoding the noisy signal, however, the signal is spectrally closer to the clean
original than the unprocessed noisy signal. The spectra of the processed
noisy signal follow the formant peaks of the clean speech much closer, up
to about 2.5 kHz. No actual noise suppression was applied, yet the spectra
are enhanced. The result is an improvement of the perceived signal quality
which is clearly audible. This could be exploited in a decoder based noise
suppression system. Less suppression would have to be applied in segments
where the coding would already have enhanced the signal. This could lead
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to less artifacts being introduced in the processed signal.
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Figure 4.2: LP spectrum of voiced segment A.
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Figure 4.3: LP spectrum of voiced segment B.
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Figure 4.4: LP spectrum of voiced segment C.
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Chapter 5

The EVRC noise suppression
system

The EVRC NS system uses a frequency domain subtractive scheme to en-
hance the input speech signal. The diagram below shows the general principle
of such a system.

Frequency 

Domain 

Conversion 

Time 

Domain 

Conversion 

 )(kQ   )(kG  

Gain
Calculation

y(n) y
NS

(n)

Figure 5.1: General principle of the EVRC NS system.

Firstly, the input signal, y(n), is block wise transformed from the time
domain, to the frequency domain. Secondly, a set of gain factors, q(k), are
calculated. The actual spectral subtraction takes the form of a multiplica-
tion of G(k) with the gain factors from the gain calculation, resulting in the
enhanced spectrum Q(k). Lastly, this spectrum is transformed from the fre-
quency domain, to the time domain, and the signal is block wise reassembled
to form the enhanced output yNS(n) . The three following sections are aimed
at more detailed descriptions of how, respectively, the initial time domain
processing, frequency domain processing and final time domain processing
are implemented in the EVRC NS system.
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5.1 Initial time domain processing

The main structure of this part of the NS system is depicted in the diagram
below.

Windowing 

& 

Pre-emphasis 

 )(ng  )(kG  Frequency 

Domain 

Conversion 

y(n)

Figure 5.2: EVRC NS initial time domain processing block.

5.1.1 Pre-emphasis

The system operates on blocks of 80 samples (frames), corresponding to 10
ms of speech at 8 kHz sampling rate. The samples are overlapped such that
the last D = 24 samples of the previous frame make up the D first samples
of the input buffer. The next L = 80 samples are then pre-emphasized
according to

d(m,D + n) = y(n) + ςpy(n− 1); 0 ≤ n ≤ L (5.1)

where ςp is the pre-emphasis factor, y(n) is the speech input, m is the current
frame index and d is the input data buffer (see figure 5.3).

5.1.2 Windowing

To obtain the DFT data buffer g the input data buffer d is windowed with a
smoothed trapezoid window according to

g(n) =





d(m,n)sin2(π(n + 0.5))/2D 0 ≤ n < D
d(m,n) D ≤ n < L

d(m,n)sin2(π(n− L + D + 0.5)/2D) L ≤ n < D + L
0 D + L ≤ n < M

, (5.2)

where M is the DFT sequence length.
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Figure 5.3: EVRC-NS input buffer overlapping and pre-emphasis.

5.1.3 Frequency domain conversion

The buffer g(n) is transformed to the frequency domain,

G(k) = R FFT {g(n)} , (5.3)

where R FFT {·} denotes a decimation-in-time implementation of the FFT
algorithm. This algorithm forms an M/2 point complex sequence from an
M point real input sequence.

5.2 Frequency domain processing

Now that the input frame has been transformed to the time domain, the
stage is set for the actual noise suppression signal processing. The structure
of this part is shown in the diagram below. Taking as its input the frequency
domain sequence from the previous section, the channel energy estimator
divides this spectrum into Nc channels and calculates an estimate of the
signal energy in each one. The spectral deviation estimator calculates
the difference between the current channel energies and an average long-
term estimate. An estimated signal-to-noise ration is calculated by the SNR
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Figure 5.4: EVRC NS frequency domain processing block.

estimator, using the channel energy and background noise estimates. The
SNR estimate is used to calculate the voice metric, which is a weighted
sum which provides an estimate of the signal ”quality”. It is used mainly
as an indication as to whether or not the current frame contains speech.
When the input signal is deemed to contain no speech, the background
noise estimator is updated. Under some conditions the SNR estimates are
changed by the SNR modifier. Based on the (modified) SNR estimates
and the background noise the gains for each channel are calculated by the
channel gain calculator. These gains are then used to perform the filtering
of the input signal. The following sub-sections describe the frequency domain
processing blocks in more detail.
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5.2.1 Channel energy estimator

From the frequency domain sequence corresponding to the current frame, m,
the energy estimates for each of the Nc = 16 channels are calculated as,

Ech(m, i) = max
{
Emin, αchEch(m− 1, i) + (1− αch)

1
fH(i)−fL(i)

∑fH(i)
k=fL(i) |G(k)|2

}

0 ≤ i < Nc,
(5.4)

where i is the channel index, fL(i) and fH(i) denote the ith elements from the
low and high channel combining tables, respectively (see Appendix). These
tables define the division of the M/2 point spectrum into Nc channels. This
grouping reduces the complexity of the processing. Emin is the minimum
allowable channel energy and αch is the channel energy smoothing factor.
For the first frame, αch is set to zero, causing the channel energy estimates
to be initialized to the unfiltered channel energies of the first frame, limited
downwards by Emin. The total channel energy estimate for the current frame
is the logarithm of the sum of the channel energy estimates, i.e.

Etot(m) = 10 log10

(
Nc−1∑

i=0

Ech(m, i)

)
. (5.5)

5.2.2 Channel SNR estimator

From the channel energy estimates, and the current channel noise energy
estimate, En(m, i) (see section 5.2.8), the quantized channel SNR indices
σ(i)are estimated according to

σ(i) = max

{
0, min

{
89, round

{
10 log10

(
Ech(m,i)

KσEn(m,i)

)}}}

0 ≤ i < Nc

, (5.6)

where Kσ = 0.375 is a scaling constant and round {·} denotes rounding to
nearest integer.

5.2.3 Voice metric calculation

The quantized channel SNR indices are used to form an estimate of the signal
”quality” called the sum of voice metrics.

v(m) =
Nc−1∑

i=0

V (σ(i)), (5.7)

where V (k) is the kth entry of the voice metric table V, as defined in the
Appendix.
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5.2.4 Spectral deviation and power spectral estimator

The estimated spectral deviation between the current power spectrum EdB(m, i)
and the average long-term power spectral estimate EdB(m, i) is calculated as

∆E(m) =
Nc−1∑

i=0

|EdB(m, i)− EdB(m, i)|, (5.8)

where
EdB(m, i) = 10 log10(Ech(m, i)); 0 ≤ i < Nc , (5.9)

and EdB(m, i) is the long-term power spectral estimate calculated at the time
of the previous frame, except for the first frame (m = 1), for which

EdB(m, i) = EdB(m, i); 0 ≤ i < Nc . (5.10)

Next, the long term power spectral estimate is updated for the next frame.

EdB(m + 1, i) = α(m)EdB(m, i) + (1− α(m))EdB(m, i)
0 ≤ i < Nc

(5.11)

where the exponential windowing factor 0.50 ≤ α(m) ≤ 0.99 is a function of
Etot(m), such that α(m) grows linearly from 0.5 to 0.99 as Etot(m) goes from
30 to 50 dB (See Appendix for exact equation).

5.2.5 SNR estimate modifier

Before calculating the channel gains the channel SNR estimates are processed
further and for each channel a decision is made whether or not to modify the
SNR estimate. The result is limited downwards to the SNR threshold σth,
and is denoted σ′′(i). See Appendix for a detailed pseudo-code description
of this process.

5.2.6 Channel gain calculation

The overall gain factor for the current frame, γn, is calculated according to

γn = max

{
γmin,−10 log10

(
1

Efloor

Nc−1∑

i=0

En(m, i)

)}
, (5.12)

where γmin is the minimum overall gain, Efloor = 1 is the noise floor energy
and En(m, i) is the estimated noise spectrum calculated during the previous
frame (see section 5.2.8). The dB-scale channel gains are calculated as

γdB(i) = µg(σ
′′(i)− σth) + γn; 0 ≤ i < Nc (5.13)
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where µg is the gain slope and σth the SNR threshold, both constants. In
figure 5.5 the gain curve for a single channel resulting from equation 5.13
is plotted in comparison with the gain curve resulting from the spectral
subtraction rule (see equation 2.4). To simulate the single channel behavior
of EVRC-NS, σ′′ = max {σth, σ} and

∑Nc−1
i=0 En(m, i) = Nc · En was used.

As is evident, the gain curve for EVRC-NS is quite different from that of
spectral subtraction.
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Figure 5.5: Single channel gains for EVRC-NS and Spectral subtraction.

The channel gains are converted to linear scale according to

γch(i) = min
{
1, 10

γdb(i)

20

}
0 ≤ i < Nc (5.14)

5.2.7 Frequency domain filtering

The linear channel gains are applied to the sequence G(k) to perform the
frequency domain filtering, resulting in the enhanced sequence Q(k):

Q(k) =

{
γch(i)G(k); fL(i) ≤ k ≤ fH(i); 0 ≤ i < Nc

G(k); 0 ≤ k < fL(0); fH(Nc − 1) < k ≤ M/2
.

(5.15)
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Note that the the lowest three frequency bins are not modified. While the
reason is not explicitly given in the documentation to this system, it is likely
due to the fact that telephone networks limit the bandwidth of speech signals
to between 300 and 3400 Hz.

5.2.8 Background noise estimate update

The last step in the frequency domain processing is to make a decision
whether to update the noise estimate and, if so, calculate new channel noise
estimates. Generally, if the voice metric (see section 5.2.3) is below a certain
threshold, or if the total channel energy is larger than 0 dB and the spectral
deviation is less than a certain threshold, the noise estimate is updated. For
a detailed description of the update decision, in pseudo code, see Appendix.
If (and only if) the decision is to update the noise estimate

En(m + 1, i) = max {Emin, αnEn(m, i) + (1− αn)Ech(m, i)} ; 0 ≤ i < Nc

(5.16)
where Emin is the minimum allowable channel energy, and αn is the channel
noise smoothing factor. For the first four frames, the channel noise estimates
are initialized to the corresponding estimated channel energies:

En(m, i) = max {Einit, Ech(m, i)} ; 1 ≤ m ≤ 4; 0 ≤ i < Nc , (5.17)

where Einit is the minimum allowable channel noise initialization energy.

5.3 Final time domain processing

This part of the system, which is the inverse of the initial time domain
processing, is depicted in figure 5.3. Here the enhanced frequency domain
sequence is transformed back to the time domain, and the signal frames are
reassembled to form the output signal.

5.3.1 Time domain conversion

The enhanced sequence is converted to the time domain:

q(m,n) = R FFT−1 {Q(k)} , (5.18)

where R FFT−1 {·} denotes the inverse of the FFT described in section 5.1.3.
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Figure 5.6: EVRC NS final time domain processing block.

5.3.2 Overlap-add and de-emphasis

The output buffer, yNS(n), is formed by overlap-adding the current frame
with the previous according to

q′(n) =

{
q(m, n) + q(m− 1, n + L); 0 ≤ n < M − L

q(m,n); M − L ≤ n < L
, (5.19)

and applying de-emphasis to q′(n) as

yNS(n) = q′(n) + ςdyNS(n− 1); 0 ≤ n < L , (5.20)

where ςd is the de-emphasis factor.
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Chapter 6

User controlled noise
suppression

As the focus of this thesis was on exploring decoder based noise suppression
in the context of real-world systems, the noise suppression system was chosen
accordingly. The EVRC NS provides a tried and tested commercial system
with parameters that control several aspects of its function.

6.1 Controlling the EVRC noise suppression

system

After studying the EVRC NS system, three parameters were chosen as po-
tential candidates for user control. These were

• The channel energy smoothing factor, αch (see equation 5.4).

• The minimum overall gain, γmin (see equation 5.12).

• The channel noise smoothing factor, αn (see equation 5.2.8).

The two smoothing factors, αch and αn, affect how closely the system follows
changes in the input signal. When setting smoothing parameters such as
these there is a trade-off between optimum performance for slowly (nearly
stationary) and quickly changing (non-stationary) signals. Giving the user
control allows him/her to adjust the system to the conditions at hand.

The minimum overall gain, γmin, directly affects the channel gains in such
a way that it determines how much of the estimated noise energy that the
system subtracts from the input signal. In spectral subtraction noise suppres-
sion systems such as this, the amount of artifacts introduced in the processed
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signal tends to increase with the magnitude of the subtraction. User control
enables the listener to adjust the trade-off between artifacts/distortion and
background noise level to his/her preference. User control over these three
parameters was implemented and evaluated in listening tests, the results and
setup of which are presented in chapter 7.
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Chapter 7

Evaluation

7.1 The effect of coding a noisy speech signal

To objectively evaluate the effect of coding a noisy speech signal, the method
Perceptual Evaluation of Speech Quality (PESQ) [19], was used. This method
is a recommendation from ITU-T for predicting the subjective perceived
quality of telephony and narrow-band speech signals. It includes an ANSI-
C reference implementation. The output quality measure is mapped to the
Mean Opinion Score (MOS) scale (see table 7.1), which is the opinion scale
recommended by ITU-T for listening quality tests [20]. While PESQ cannot
be used to replace subjective listening tests, the correlations between PESQ
MOS scores and those from listening tests have been found to be better than
90%.

Quality of the speech Score
Excellent 5

Good 4
Fair 3
Poor 1
Bad 1

Table 7.1: The opinion scale recommended by ITU-T for listening quality
tests.

To evaluate a signal using PESQ, two inputs are needed: the signal to
be evaluated, here referred to as the test signal, and a reference signal.The
method is best illustrated with an example. Say that the performance of a
transmission system is to be evaluated. The test signal would then be pro-
duced by passing a clean speech signal through the system, while the clean,
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Figure 7.1: Evaluating a system with PESQ using clean speech input.

unprocessed signal would be the reference, as in figure 7.1. When testing
with noisy input, the recommended setup is as in figure 7.2. Three series

PESQ 

System 

Reference 

Test 
+ 

Noise 

MOS

Figure 7.2: Evaluating a system with PESQ using noisy speech input.

of PESQ evaluations were performed, one for each of the three noises used.
These noises were taken from Noisex-92 [21] and included white noise, ma-
chine noise recorded in a factory and a babble noise consisting of several
simultaneous speakers. The three noises will be referred to as white, fac-
tory, and babble noise, respectively. The reference signal consisted of four
concatenated clean sentences from the TIMIT speech corpus [22], two male
and two female speakers. For these tests all signals were downsampled to 8
kHz sampling rate. To the sentences was added noise at the following signal
to noise ratios: 0 dB, 5 db, 10 dB, 15 dB and 20 dB. The quality of these
noisy speech signals was evaluated with PESQ using a setup as in figure
7.3. The noisy speech signals were then coded and decoded using the AMR
codec at the following bit rates: 12.2 kbits/s, 10.2 kbits/s, 7.95 kbits/s and
6.7 kbits/s. The quality of these processed noisy signals was evaluated as in
figure 7.4
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Figure 7.3: The setup used for evaluating the signal quality of the noisy
speech signals.
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Figure 7.4: The setup used for evaluating the signal quality of the processed
(coded-decoded) noisy speech signals.

7.1.1 Post coder noise suppression

For decoder based noise suppression to be feasible, it is of course necessary
that the noise suppression system can function in a post processor configu-
ration. In the preliminary studies for this thesis, it was clear that the EVRC
noise suppression system performed well as a post processor to the EFR
codec. To quantify this, a PESQ evaluation using the setup in figure 7.5 was
performed. White noise was added at 0 dB, 5 db, 10 dB, 15 dB and 20 dB
SNR. The reference signals were the same as those described in section 7.1.
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Figure 7.5: The setup used for evaluating post coder noise suppression.

7.2 User controlled noise suppression

A listening test to evaluate user controlled noise suppression was also per-
formed. The setup of the test is depicted in figure 7.6. The test signals
used consisted of short sentences from two speakers (one male, one female)
from the TIMIT speech corpus contaminated with noises that included white
noise and babble noise, both taken from Noisex-92, as well as a distinctly non-
stationary rain noise. The signals were processed with the EFR codec prior
to NS processing, thereby simulating a decoder based NS system.

Codec
(EFR)

Noise
Suppression

Clean 
speech

Noise
User input

Processed
signal

Figure 7.6: The setup of the user control listening test.

An application was simulated with a graphical user interface (GUI). The
subjects were presented with an interface with a slider control as in figure 7.7.
The slider was set to control one parameter of the EVRC noise suppression
system at a time. There were three configurations of the test GUI. The slider
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either controlled the settings for the channel energy smoothing factor, αch

[0..1], the channel noise smoothing factor, αn [0..1] or the minimum overall
gain, γmin [−21..− 5].

Play Next

Min Max

Figure 7.7: The graphical user interface of the test software used to evaluate
user control over EVRC noise suppression.

There were two buttons in the interface. When the subject clicked on the
button labelled ”Play”, EVRC noise suppression was applied to the noisy
sentence, using the setting from the slider control, and the result was played
to the listener via headphones. Ten experienced listeners participated in
the test. The subjects were asked to listen and adjust the setting to their
preference for each presented sentence. When the subjects clicked the button
labelled ”Next”, the setting of the slider was recorded, the next signal was
loaded and the subjects were again asked to listen and adjust the setting of
the slider.

This method allows the subject to test any number of settings of the
given parameter of the noise suppression for each test sentence. The subject
can make comparisons between settings and make fine adjustments to arrive
at his/her preference. This differs in many ways from a more conventional
blind test with a set of pre-defined test signals. The subject can learn what to
expect from listening and adjusting the slider and, as the test progresses, the
subject will likely be able to find his/her preferred setting more quickly. In
the case of pre-defined signals, one has to either attempt to iteratively bracket
the subject’s preferred setting, adjusting the given parameter up/down and
having the subject rate if the result is better or worse, or test the whole
range of settings for every sentence. With these methods one would likely
need to use a relatively coarse division of the parameter range to keep the
test signals to a reasonable number and avoid fatigue in the subjects. The
method used in this thesis places higher demands on the subjects, though.
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The results of the test are only relevant if they can be trusted to explore
the effect of adjusting the system to the extent and that they arrive at their
personal preference accurately for each test sentence. From this follows that
the subjects should have some experience with evaluating speech signals and
the number of sentences should be limited. Also, there is a possibility that
psychological factors inherent in the procedure might bias the result. It has
been found [23] that people tend to act in a way that is (or that they believe
will be perceived as) consistent with previous actions. Since the subjects
are aware of what parameter slider settings they have registered as their
personal preference, they might be reluctant to register a subsequent setting
that differs much from these. This should be weighed against the advantages
of having a procedure that incorporates learning.

7.3 Results

The results of the PESQ evaluations are presented in tables 7.2, 7.3, 7.4, and
in figures 7.8, 7.9, 7.10, 7.11. The processed noisy signals consistently scored
higher than the original noisy signal. The difference was less for babble noise
than for white- and factory noise. There was relatively little difference in
scores between the different coded-decoded signals, for any given noise type.
This suggests that the coding of these noisy signals has had an enhancing
effect, the magnitude of which is more dependent on the noise type than
on the bit rate of the codec. Applying EVRC noise suppression after the
signal has been processed with the EFR codec further improves the score,
which suggests that the EVRC NS system does function in this post processor
configuration. These results are congruent with what one would expect after
having listened to the signals (see section 4.4).

The results of the user control listening tests are presented in figures 7.12,
7.13, 7.16, 7.17, 7.14, 7.15 and in tables 7.5, 7.6 and 7.3.

In figures 7.18, 7.19 and 7.20, the registered preferred setting is presented
separately for each subject.

For all three parameters there is a large difference between individuals for
each combination of noise, SNR and speaker. Of the ten test participants,
subject number three stands out as one whose preferred setting tended to
differ significantly from that of the other subjects. Typically, each individual
also has different preferences for different conditions. In many cases, listener
preferences differ significantly from the original values for the parameters.
This seems to suggest that user control over noise suppression is desirable.
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Figure 7.8: PESQ results for white, factory and babble noise.

0 dB 5 dB 10 dB 15 dB 20 dB
Noisy 1.587 1.846 2.148 2.484 2.807

AMR 12.2 1.655 1.937 2.290 2.628 2.960
AMR 10.2 1.640 1.924 2.276 2.629 2.953
AMR 7.95 1.627 1.912 2.291 2.640 2.940
AMR 6.7 1.660 1.940 2.297 2.662 2.978

Table 7.2: PESQMOS scores for noisy speech and coded-decoded noisy
speech. White noise added.

0 dB 5 dB 10 dB 15 dB 20 dB
Noisy 1.793 2.114 2.464 2.785 3.095

AMR 12.2 1.898 2.240 2.604 2.914 3.215
AMR 10.2 1.886 2.229 2.581 2.893 3.194
AMR 7.95 1.878 2.247 2.599 2.896 3.194
AMR 6.7 1.908 2.272 2.605 2.907 3.180

Table 7.3: PESQMOS scores for noisy speech and coded-decoded noisy
speech. Factory noise added.
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0 dB 5 dB 10 dB 15 dB 20 dB
Noisy 1.945 2.257 2.588 2.925 3.239

AMR 12.2 2.013 2.350 2.684 3.001 3.298
AMR 10.2 2.016 2.326 2.665 2.982 3.280
AMR 7.95 2.018 2.354 2.677 3.006 3.280
AMR 6.7 2.052 2.365 2.701 3.001 3.255

Table 7.4: PESQMOS scores for noisy speech and coded-decoded noisy
speech. Babble noise added.
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Figure 7.9: PESQMOS scores for noisy speech, coded noisy speech and coded
noisy speech post processed with EVRC-NS. White noise added.

36



0 5 10 15 20
1.6

1.8

2

2.2

2.4

2.6

2.8

3

3.2

3.4

3.6

SNR (dB)

P
E

S
Q

M
O

S
EFR−NS
EFR
Unproc. noisy

Figure 7.10: PESQMOS scores for noisy speech, coded noisy speech and
coded noisy speech post processed with EVRC-NS. Factory noise added.
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Figure 7.11: PESQMOS scores for noisy speech, coded noisy speech and
coded noisy speech post processed with EVRC-NS. Babble noise added.
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Figure 7.12: Listener preferences for the channel energy smoothing factor,
αch, female speaker.

5 15
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

SNR [dB]

Babble

5 15
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

SNR [dB]

Rain

5 15
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

SNR [dB]

White

Figure 7.13: Listener preferences for the channel energy smoothing factor,
αch, male speaker.
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Figure 7.14: Listener preferences for the noise smoothing factor, αn, female
speaker.
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Figure 7.15: Listener preferences for the noise smoothing factor, αn, male
speaker.
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Figure 7.16: Listener preferences for the minimum overall gain, γmin, female
speaker.
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Figure 7.17: Listener preferences for the minimum overall gain, γmin, male
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Chapter 8

Conclusions and suggested
future work

8.1 Conclusions

Intuitively, a prerequisite for decoder based noise suppression is that the
codec used is robust to noisy input. Thus, to explore the feasibility of such
a system, the effect of coding a noisy speech signal using CELP-type coders
was investigated. The tested codecs (AMR and EFR) proved to be robust
to noise and the coding was shown to have a signal enhancing effect. PESQ
evaluation confirmed this and indicated that the magnitude of the signal
enhancing effect was more dependent on the noise type than on the bit rate
of the codec. These results indicate that decoder based noise suppression
would be feasible with the tested codecs.

A decoder based noise suppression system would allow user control. Af-
ter a general study of noise suppression and noise estimation, the subtractive
type noise suppression present in the Enhanced Variable Rate Codec (EVRC
NS) was studied in detail. This system was used as a post processor to the
EFR codec to simulate a decoder based noise suppression system with user
control. Three parameters of EVRC NS system were selected for user control
and a listening test with ten participants was performed. The test yielded
individual preferences for the three parameters given several combinations of
speaker, noise type and signal-to-noise ratio. The results show large differ-
ences in individual preferences, which would seem to indicate that some sort
of user control over noise suppression would be desirable.
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8.2 Suggested future work

The signal enhancing effect that coding can have on a noisy speech signal
that was indicated in this work would be interesting to explore in more depth.
A more thorough study could focus on which parts of the codec contribute
and to which extent.

For continued work on user controlled noise suppression, it would be ben-
eficial to design a NS system with specific and clearly defined control parame-
ters with a predictable effect on the system throughout their defined ranges.
For a more intuitive testing system, real-time control (during playback) of
the NS would be desirable.
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Appendix A

EVRC Noise Suppression

A.1 The channel combining tables

fL = {2, 4, 6, 8, 10, 12, 14, 17, 20, 23, 27, 31, 36, 42, 49, 56} (A.1)

fH = {3, 5, 7, 9, 11, 13, 16, 19, 22, 26, 30, 35, 41, 48, 55, 63} (A.2)

A.2 The voice metric table

V = {2, 2, 2, 2, 2, 2, 2, 2, 2, 2, 2, 3, 3, 3, 3, 3, 4, 4, 4, 5,
5, 5, 6, 6, 7, 7, 7, 8, 8, 9, 9, 10, 10, 11, 12, 12, 13, 13,
14, 15, 15, 16, 17, 17, 18, 19, 20, 20, 21, 22, 23, 24, 24,
25, 26, 27, 28, 28, 29, 30, 31, 32, 33, 34, 35, 36, 37, 37, 38,
39, 40, 41, 42, 43, 44, 45, 46, 47, 48, 49, 50, 50, 50, 50, 50,
50, 50, 50, 50, 50}

(A.3)

A.3 The exponential windowing factor, α(m)

The exponential windowing factor, α(m), is calculated as a function of total
channel energy, Etot(m), according to

α(m) = αH − αH − αL

EH − EL

(EH − Etot) (A.4)

the result is limited to between αH and αL by

α(m) = max{αL, min{αH , α(m)}} (A.5)
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where EH and EL are the energy endpoints (in dB) for the linear interpolation
of Etot(m), that is transformed to α(m) which has the limits

αL ≤ α(m) ≤ αH . (A.6)

The values of these constants are defined as:

EH = 50, EL = 30, αH = 0.99, αL = 0.50. (A.7)

A.4 SNR Estimate modification

Determine whether the channel SNR modification should take place, then
proceed to modify the appropriate SNR indices:

/* Set or reset modify flag */

index_cnt = 0

for ( i = N_m to NUM_CHAN-1 step 1 )

{

if ( sigma <= INDEX_THLD )

index_cnt = index_cnt + 1

}

if ( index_cnt < INDEX_CNT_THLD )

modify_flag = TRUE

else

modify_flag = FALSE

/* Modify the SNR indices to get sigma_prim */

if ( modify_flag == TRUE )

for ( i = 0 to NUM_CHAN-1 step 1)

if (( v(m) <= METRIC_THLD ) or ( sigma <= SETBACK_THLD ))

sigma(i) = 1

else

sigma_prim(i) = sigma(i)

else

sigma_prim = sigma

/* Limit sigma_bis to SNR threshold SNR_THLD */

for ( i = 0 to NUM_CHAN-1 step 1)

if ( sigma_prim(i) < SNR_THLD )

sigma_bis(i) = SNR_THLD

else
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sigma_bis(i) = sigma_prim(i)

INDEX_THLD=12, INDEX_CNT_THLD=5, METRIC_THLD=45,

SETBACK_THLD=12, N_m=5, SNR_THLD=6, NUM_CHAN=16.

A.5 Noise update decision

The following logic, as shown in pseudo-code, demonstrates how the noise
estimate update decision is ultimately made:

/* Normal update logic */

update_flag = FALSE

if ( v(m) <= UPDATE_THLD )

{

update_flag = TRUE

update_cnt = 0

}

/* Forced update logic */

else if (( E_tot(m) > NOISE_FLOOR_DB ) and ( delta_E < DEV_THLD ))

{

update_cnt = update_cnt + 1

if ( update_cnt <= UPDATE_CNT_THLD )

update_flag = TRUE

}

/* "Hysteresis" logic to prevent long-term creeping of update_cnt */

if ( update_cnt == last_update_cnt )

hyster_cnt = hyster_cnt + 1

else

hyster_cnt = 0

last_update_cnt = update_cnt

if ( hyster_cnt > HYSTER_CNT_THLD )

update_cnt = 0

UPDATE_THLD=35, NOISE_FLOOR_DB=0, DEV_THLD=28,

UPDATE_CNT_THLD=50, HYSTER_CNT_THLD=6.
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