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Abstract

Speech quality during the communication is generally effected by the surrounding
noise and interference. To improve the quality of speech signals and to reduce
the amount of disturbing noise, speech enhancement is one of the emerging and
most used branches of signal processing. For the reduction of noise from speech
signals, methods are continuously developed, one method is the Adaptive Gain
Equalizer (AGE) which is a single-channel speech enhancement, method that
has the particular focus on enhancement of speech instead suppression of noise.
Modulation decomposition of the speech signals brought the idea of a modulation
system which is useful for modeling of speech and other signals. The purpose of
this thesis is to implement the AGE within modulation system, for the purpose of
enhancing speech signal, by reducing noise. The successful implementation of the
system has been validated with different performance measurements, i.e., Signal
to Noise Ratio Improvement(SNRI), Mean Opinion Score(MOS), Spectral Distor-
tion(SD). The system has been checked with male and female speaker and with
the noise signals Engine Noise(EN), Factory Noise(FN), Gaussian Noise(GN),
Tonal Noise(TN) and Impulse Noise(IN) at 0dB, 5dB, 10dB and -5dB Signal to
Noise Ratio(SNR). The system has provided the 10dB SNRI for the TN, and
around 6dB SNRI for EN and FN. The system has some compromises on the
GN and IN in a sense it gives good sound but low SNRI. MOS has been shown
between 4 and 3 for all the test cases.
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Chapter 1

Introduction

1.1 Introduction

Speech is considered to be the best choice for humans to communicate. Speech
processing main branches are,

• Coding,

• Synthesis,

• Recognition,

• Identification and Verification,

• Enhancement.

The purpose of speech coding is to reduce the number of bits required to
represent a speech signal as much as possible while retaining the quality of the
signal. The bandwidth in communication systems is reduced by speech coding
whereby storage memory is conserved. The purpose of speech synthesis is to con-
vert a text string into a speech waveform. Speech recognition aims at converting
the speech signal into text. The speech enhancement provides a way to reduce
the noise from a speech signal, whereby improves the quality of the speech signal.
This thesis deal with speech enhancement.

Speech as the main part of the communication systems, is distorted during the
transmission by different types of noise, e.g. gaussian noise, engine noise, periodic
noise etc, and other interferences. There are variety of methods for reduction of
noise from speech signal, e.g., spectral subtraction (frequently used for noise
reduction) [1], [2], optimum Wiener filtering [3]. Adaptive Gain Equalizer (AGE)
is a noise reduction method that focuses on enhancing the speech signal instead
of suppressing the noise. The speech enhancement is carried out by weighting the
sub-bands in time-frequency domain according to an estimate of the Signal-to-
Noise Ratio (SNR). This method offers better result in terms of low complexity,
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2 Chapter 1. Introduction

low delay, low distortion, and no need of Voice Activity Detector (VAD). [4]. The
detail of the AGE is discussed in chapter 3.

The modulation system assumes that a signal is composed of a modulator
and a carrier. The signal is represented by,

x(t) = m(t)c(t). (1.1)

where m(t) denotes the modulator of the signal, and it normally represents the
low frequency part of the signal. The modulator modulate a high frequency
carrier c(t). The speech signal can be represented by x(t). Studies has shown
that the modulators of the speech signal are most important for the intelligibility
of the speech signal. The importance of the modulator to speech signals, brought
the attention of many researcher to work on it. Modulation frequency signal
processing is the result of research on modulators. The detailed description of
the modulation system and filtering is discussed in the next chapter.

AGE is implemented in originally intended for time-frequency domain pro-
cessing, but the thesis focuses to implement AGE in a modulation system. Mod-
ulation systems which are based on sub-band modulators, perfectly fit the AGE
system which works on the sub-bands of the signal. Details of the system and an
analysis of this system, comprises chapter 4. The purpose of this thesis is to re-
move additive noise by using the AGE in modulation frequency signal processing
domain.

1.2 Literature Survey

Les Atlas and Steve Schimmel used the concept of coherent modulation for the
target talker enhancement in speech enhancement. They proved that this do-
main moderately increases the speech intelligibility [5]. Les Atlas and Christiaan
Janssen separate two music sources from single-channel music mixture by us-
ing coherent modulation spectral filtering [6]. Coherent modulation using the
frequency reassignment has been used for speech enhancement and for demod-
ulation of signal into modulator and carrier [7]. Qin Li and Les Atlas describe
the theory behind modulation filtering which offers a new approach to modify-
ing non-stationary signals e.g., speech. They describe the coherent modulation
analysis based on instantaneous frequency estimation using conditional mean fre-
quency. In addition, they show that the proposed method accurately estimate
the carriers and modulators of the signals [8]. Speech in wind noise has been
enhanced by using coherent modulation comb filtering by Brain King and Les
Atlas [9]. Although the modulation filtering has mostly been used for the pur-
pose of speech enhancement, Mark Vinton and Les Atlas also used it for audio
compression. They show that a 32kb/s/channel outperformed MPEG-1 coded at
56kb/s/channel(both at 44.1kHz), using the modulation technique [10]. The con-
cept of homomorphic demultiplication is connected to the modulation spectral
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analysis/synthesis and it was outlined by Lest Atlas, Qin Li and Jeffery Thomp-
son [11]. The authors showed in [12] the effectiveness of modulation filtering
by measuring the empirical modulation frequency response and got a near-ideal
response performance, and 25dB improvement has been shown for suppressing
undesired modulation frequencies over incoherent modulation. All this has been
achieved with the help of a sum-of-products signal model. Schimmel and Atlas
analyze the signal reconstruction after the modulation filtering [13]. Pascal Clark
presents the Center of Gravity(COG) method for decomposition of a sub-band
signal, and he used coherent modulation filtering for the interpolation of long
gaps in acoustic signals [14]. Steven Schimmel used the modulation filtering for
hearing devices and discussed in detail about the coherent, non-coherent envelope
detection, theoretically and practically [15].

Nils Westerlund, Mattias Dahl and Ingvar Claesson introduced the AGE con-
cept for the reduction of noise from speech signal, and proved it to be a low
complex system [4]. The method used FIR filter bank to get the required re-
sults and it was also shown that the system adapted itself for different types of
noise. The authors used the same AGE method but with frequency dependent
parameter settings to make it more versatile [16]. The proposed AGE method
using the mixed analog and digital hybrid approach give around 13dB speech en-
hancement [17]. [18] explains the advantages of applying the speech enhancement
algorithm AGE analog implementation. The AGE was originally intended for
the digital domain, but the paper [18] provides an analog implementation which
does not use quantization and digitization and it is also best fitted for battery
powered applications. The ADSP-21061 Sharc processor from Analog Devices
has been used for the implementation of AGE in [19]. Mattias Dahl and Benny
Sällberg implemented hybrid solution to overcome problems related to a digital
and an analog implementation of the AGE in [20].The authors in [21], used the
AGE for the personal communication speech enhancement. This thesis combine
the AGE and modulation frequency signal processing system domain for noise
reduction of a speech signal.

1.3 Thesis Contents

The report is divided into six chapters. Chapter 2 briefly introduces the modu-
lation system, coherent and incoherent envelope detection, Chapter 3 introduces
the concept of AGE with modulation system and Chapter 4 and 5 evaluates the
proposed system. Chapter 6 concludes the thesis with a summary and future
research directions for the modulation system.





Chapter 2

Modulation System

2.1 Introduction

It is assumed that speech and music signals can be represented by modulators
and carriers. Modulators are low frequency components of signal which modulate
high frequency carriers. The speech signal is represented as,

s(t) = m(t)c(t) (2.1)

where m(t) and c(t) denote the modulator and the carrier of the signal, respec-
tively. Studied have shown that speech signal modulators are the most important
components for speech intelligibility. If the modulators of the speech signal are
replaced by constant amplitude modulators, while carriers are preserved, speech
is not intelligible. However when the modulators are preserved but carriers are
altered, the speech is intelligible. Modulation domain actually decomposes the
speech, or other natural signals, into modulators and carriers whereafter the
modulators of the signals are analyzed. For the decomposition of a signal into
modulators and carriers, coherent and non-coherent envelope detectors are used.
This thesis always uses coherent modulation based on carrier estimation using
the Center of Gravity(COG) methods for the decomposition of sub-band signal
into carriers and modulators [22]. 1

A general framework for modulation frequency domain analysis, and filtering
is given in figure 2.1.

Modulation frequency system is described by the following steps,

• Filter bank to get sub-band signals

• Demodulation(decomposition of each sub-band signal into a modulator and
a carrier)

1This chapter is mostly from the S.M. Schimmel, “Theory of Modulation Frequency Analysis
with Applications to Hearing Devices,” Ph.D. dissertation, University of Washington, 2007.
and C. P. Clark, “Effective Coherent Modulation Filtering and Interpolation of Long Gaps in
Acoustic Signals,” Master thesis, University of Washington, 2008.
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6 Chapter 2. Modulation System

Figure 2.1: General framework of modulation filtering and analysis(reproduced with
permission from [15]).

• Analysis of the modulators of the sub-band signals by discrete Fourier trans-
form of each modulators

• Modification of the modulators (linear filtering)

• Re-modulation (recombination of modified modulators with original carri-
ers)

• Synthesis of signals

The modulation system filter bank divides the wide-band signal into K narrow-
band sub-bands. The signal x(t) is passed through the filter bank’s set of band-
pass filters hk, which renders the sub-band signals xk(t).

xk(t) = hk ∗ x(t). (2.2)

where ∗ denotes the convolution. The demodulation process decomposes the sub-
band signal into its envelope and carrier. Two types of demodulation, incoherent
and coherent, are available for the envelope detection. Modification of the modu-
lators is done by the modulation filtering which mostly uses linear time invariant
filters g(t), i.e., m̂k(t) = mk(t).g(t). A modulation spectrogram and modulation
analysis can be done by computing the Fourier transform along the time-axis of
the spectrogram(magnitude), or by utilizing the spectrum of the envelop signals,
which give the modulation frequency along horizontal axis and acoustic frequency
along vertical axis. Some example of simple noise and speech signals, modula-
tion spectrograms are given in figures 2.2, 2.3, 2.4, 2.5. Re-modulation is the
process in which modified modulators (m̂k(t)) are combined with the original
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carriers, obtained in the process of demodulation, to get the modified sub-band
signals x̂k(t). The synthesis process reconstruct the modified signal x̂(t) using
the modified sub-band signals x̂k(t), according to

x̂(t) =
K∑
k=1

x̂k(t) (2.3)

Figure 2.2: Constant envelope sinusoidal signal with 600 Hz frequency (reproduced
with permission from [23]).

Figure 2.3: Modulation spectrum of constant envelope signal (reproduced with permis-
sion from [23]).

Envelope detection is the most important part of the modulation frequency
system. There are two types of envelope detectors mostly used, coherent enve-



8 Chapter 2. Modulation System

lope detection and incoherent envelope detection. Magnitude, or magnitude-like,
operation are used to estimate modulators in incoherent detection, while coher-
ent detection use the carrier estimate operations. Incoherent envelope detection
detects the envelope and carrier independently and coherent detection use the
carrier estimation for the calculation of the envelope.

2.2 Incoherent Envelope detection

2.2.1 Hilbert Envelope

Hilbert envelope mk(t) is given as the magnitude of the analytic sub-band x+k (t),
and the Hilbert carrier is ck(t) ,

mk(t) = DH{xk(t)} (2.4)

= |x+k (t)| (2.5)

= |xk(t) + jH{xk(t)}| (2.6)

ck(t) = Dc
H{xk(t)} (2.7)

= cos{arg[xk(t) + jH{xk(t)}]} (2.8)

where DH and Dc
H are the modulator detector and carrier detector operations,

respectively. H denotes the Hilbert transform, j denotes the imaginary unit, i.e.,
j =
√
−1 and arg takes the argument of a complex valued number [15].

2.2.2 Magnitude detection

For an analytic sub-band signal x+k (t), the modulator mk(t) and the carrier ck(t)
are given as,

mk(t) = D‖{x+k (t)} (2.9)

= |x+k (t)| (2.10)

ck(t) = Dc
‖{x+k (t)} (2.11)

= ejarg[x
+
k (t)] (2.12)

where D‖ and Dc
‖ are the modulator and carrier detectors respectively.

Incoherent envelope detection of modulators has the follow limitations [15],

• The bandwidth of the sub-band signal is generally less than the sub-band
magnitude and sub-band phase.

• Conjugate symmetric spectrum on the modulator is forced by incoherent
detectors, and for natural signal it is not a realistic assumption .
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• Modulator domain is not closed under convolution in incoherent detectors.

To overcome all these problems coherent carrier estimation and coherent envelope
detection are used for the demodulation of the sub-band signal.

2.3 Coherent carrier estimation

Coherent demodulation estimates the carrier and the estimated carrier is used to
calculate the modulator, according to (2.13). The basic equation for the signal
xk(t) = mk(t).ck(t) yields the modulator when the carrier is found. The ana-
lytically computed modulator avoids the limitations of incoherent demodulation.
The modulator is computed according to

mk(t) = xk(t).c
∗
k(t). (2.13)

where mk(t) and ck(t) are the modulator and the carrier of the sub-band signal
xk(t), respectively, and the super-index ∗ denotes the complex conjugate operator.

2.3.1 Instantaneous frequency carrier estimator

The proposed method in [6] uses the concept of instantaneous frequency (IF)
for demodulation of sub-band signals after modification of the differential FM
detector [24] by Atlas and Janssen [6]. Mathematically, a unimodular phase-only
IF estimate αk(t) is given by,

αk(t) =

{
( Zk(t)
|Zk(t)|

)1/2 |Zk(t)| > ε

αk(t− 1) |Zk(t)| < ε
(2.14)

where Zk(t) is an un-normalized IF estimate, and ε is a small threshold that is
used to reduce noise in the IF estimate. Smoothed IF estimates give an instan-
taneous phase estimate by the following equation, with the initial assumptions
Wk(−1) = 1 and Wk(0) = αk(0),

Wk(t) = Wk(t− 1)αk(t). (2.15)

Once the instantaneous phase estimateWk(t) is calculated for the sub-bandXk(t),
the IF carrier Ck is computed as,

Ck(t) = Wk(t). (2.16)

and the coherent envelope Mk(t) is calculated from the carrier,

Mk(t) = Xk(t)C
∗
k(t). (2.17)

In this demodulation process a complex valued envelope is obtained.
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2.3.2 Frequency Reassignment Carrier Estimation

The IF estimator used above is actually a linear approximation of the true sub-
band IF. By analysis of the IF estimator we get the following equation for the IF
estimate αk(t),

αk(t) = exp{j 1

2
[φk(t+ 1)− φk(t− 1)]}. (2.18)

and the true IF of sub-band is given as [25]

αk(t) =
dφk(t)

dt
. (2.19)

But the problem with this linear approximation is that accuracy decreases as
the decimation factor of discrete short-time Fourier transform increases. This
problem can be reduced by the help of frequency reassignment operator from
time-frequency reassignment [7]. To reconstruct the x(t) from the sub-band signal
ε(t, ω),

x(t) =

∫ ∫
ε(τ, ω)h(τ − t)e−jω[τ−t]dωdτ (2.20)

=

∫ ∫
A(τ, ω)h(τ − t)e−j[ψ(τ,ω)−ωτ+ωt]dωdτ (2.21)

where ε(t, ω) is given by A(τ, ω)ejψ(τ,ω).
ω should satisfy the phase stationarity condition for maximum contribution

of the reconstruction integral,

∂

∂τ
[ψ(τ, ω)− ωτ + ωt] = 0. (2.22)

or equivalently,

ω̂(τ, ω) =
∂ψ(τ, ω)

∂τ
. (2.23)

The reassignment frequency can be computed as,

ω̂(t, ω) = ω + Im

{
XDh(t, ω)X∗(t, ω)

|X(t, w)2|

}
. (2.24)

where X(t, ω) is the short time Fourier transform of x(t) by analysis window h(t)
and XDh(t, ω) is short time Fourier transform of x(t) by hD(t) and hD(t) = d

dt
h(t)

a time-derivative analysis window. The coherent carrier Cω(τ) and modulatorMω(τ)
are given by

Cω(τ) = ej
∫ τ
0 ω̂(ζ,ω)dζ . (2.25)

and
Mw(τ) = Xω(τ)C∗ω(τ). (2.26)
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2.3.3 Smooth Hilbert carrier estimator

The polar form of an analytical sub-band signal is x+k (t) = ak(t)e
jφk(t), and the

sub-band’s phase signal [8] φk(t) is defined as

φk(t) = Ωk,m(t) + φk,0 + θk(t). (2.27)

where Ωk,m(t) is the linear phase term, φk,0 is an initial phase and θk(t) is phase
deviation term. A smooth version of the sub-band phase φk(t) is computed as

φ̃k(t) = Ωk,m(t) + φk,0 + [θk(t) ∗ hlp(t)]. (2.28)

where hlp(t) is a low pass filter. The smooth Hilbert carrier estimator ck(t) can
be obtain using the smooth sub-band phase φ̃k(t),

ck(t) = ejφ̃k(t). (2.29)

and the the coherent envelope mk(t) by the help of carrier is given by,

mk(t) = x+k e
−jφ̃k(t) (2.30)

2.3.4 Spectral Center of Gravity Carrier Estimation

In the center-of-gravity approach ωk(n) is defined as instantaneous spectrum
average frequency of xk(t) at time t [22]. An instantaneous spectrum with short-
time Fourier transform is computed as,

Sk(ω, t) =
∑
p

g(p)xk(t+ p)e−jωp (2.31)

where g(p) is a short spectral-estimation window. The instantaneous frequency
ωk(t) of the sub-band signal xk(t) is estimated as,

ωk(t) =

∫ π
−π ω|Sk(ω, t)|

2dω∫ π
−π |Sk(ω, t)|2dω

(2.32)

The phase φk(t) of the carrier is computed as follows

φk(t) =
t∑

p=0

ωk(p). (2.33)

The carrier ck is
ck(t) = ejφk(t). (2.34)

and the complex valued modulator mk(t) is given by

mk(t) = xk(t).c
∗
k(t) (2.35)
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Modulators of a signal are obtained by one of the above mentioned coherent
or incoherent methods. The modulation spectrum is now obtained by taking the
spectrogram of the modulators. Figure 2.8 and figure 2.10 shows the spectrogram
of a male speech signal and a female speech signal respectively. Modulation
spectrogram plots of this section are generated using [26]. Figure 2.6 describes
the frequency response and impulse response of filter bank used in the system.
The filter bank has 64 sub-bands with a down sampling factor of 16.

In the next chapter AGE is discussed in the context of the presented modu-
lation frequency system.



Chapter 2. Modulation System 13

Figure 2.4: Simple signal with varying envelope (reproduced with permission from [23]).

Figure 2.5: Modulation spectrum of varying envelope signal (reproduced with permis-
sion from [23]).
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Chapter 3

Adaptive Gain Equalizer and
Modulation Filtering

The theory about the modulation domain and modulation filtering has been set
in the previous chapter. The focus of this chapter is to explore adaptive filtering
in the modulation domain. In this direction, one of the methods is the Adaptive
Gain Equalizer(AGE). The AGE is considered to be an effective method for
speech enhancement [4, 16, 19, 21]. The AGE offers low complexity and high
flexibility which makes it suitable for different types of system. [17, 18, 20]. The
AGE is also scalable, because it does not need Voice Activity Detector(VAD).

3.1 Adaptive Gain Equalizer

The AGE focuses on speech enhancement instead of noise suppression. It can
be considered as an intelligent device that boosts the signal only when speech
is present. The foundation of the AGE is that the stationary time for speech is
significantly lower than that of interfering noise [27]. The method has been also
verified on different Digital Signal Processor(DSP) technologies. Before outlining
the AGE in modulation domain, the background theory of the AGE is given.

3.1.1 Adaptive Gain Equalizer system

According to [21], the AGE consists of a filter bank with different band-pass
filters. Each sub-band is weighted by a gain function which amplifies the signal
when speech is present and keeps the noisy part of the signal, where no speech is
present, to unity. A filter bank of K bandpass filters divide the input signal x(n)
into K sub-bands, xk(n),

xk(n) = hk ∗ x(n) (3.1)

Here hk is the impulse response of the filter bank sub-band k. k is the sub-band
index and ∗ denotes the convolution. The time domain signal is modeled as a

17



18 Chapter 3. Adaptive Gain Equalizer and Modulation Filtering

sum of sub-band signals, according to:

x(n) =
K∑
k=1

xk(n) =
K∑
k=1

sk(n) + wk(n) (3.2)

where sk(n) is the desired speech signal related kth sub-band, while wk(n) is the
noise of the sub-band k. The output signal y(t), with the amplified speech signal,
is computed as

y(n) =
K∑
k=1

Gk(n)xk(n) (3.3)

where Gk(n) is the AGE weighting function which amplifies the signal when
speech is active. Figure 3.1 shows a simple block diagram over the signal decom-
position, its weighting function and sum of the sub-bands.

Figure 3.1: Adaptive Gain Equalizer.

3.1.2 Gain Function

Two terms which used for the calculation of the gain function are; a long term(slow)
average As,k(t) and the short term (fast) average Af,k(t). The short term average
for sub-band k, Af,k(n) is calculated as,

Af,k(n) = αkAf,k(n− 1) + (1− αk) | xk(n) | (3.4)

where αk is a small positive constant, given by

αk =
1

Ts,kFs
(3.5)

where Fs is the sampling frequency in Hz and Ts,k is a time constant in seconds.
In the same manner slow average is computed as,
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As,k(n) =

{
(1 + βk)As,k(n− 1) if As,k(n− 1) ≤ Af,k(n)
Af,k(n) if As,k(n− 1) > Af,k(n)

(3.6)

where βk is a small positive constant. The AGE gain function is computed as:

Gk(n) =

(
Af,k(n)

As,k(n)

)pk
(3.7)

where pk ≥ 0, and As,k(n) > 0.

3.2 Modulation Domain AGE

The purpose of the section is to introduce the AGE in the modulation domain,
for the removal of noise. Modulation domain separates each sub-band signal into
a carrier and a modulator. While only modulators are considered here the AGE
is implemented on each modulator to remove the noise from the speech. The
system is shown in Fig. 3.2

Figure 3.2: Adaptive Gain Equalizer in Modulation domain(reproduced from [14] used
with permission).

The mathematics for AGE in the modulation domain is the same as for AGE
in the sub-band domain, the long term average and the short term average are
calculated for each sub-band modulator, instead of t sub-band itself. The gain
function is multiplied with the modulator of the sub-band to yield a modified
modulator m̂k(n) which is then multiplied with the carrier in the reconstruction
stage of the modulation system.

x̂k(t) = ck(n).m̂k(n) (3.8)

m̂k(n) = mk(n).Gk (3.9)
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The output y(n) is given by

y(n) =
K∑
k=1

x̂k(n). (3.10)

The equation used for the calculation of Gk is a simplification of (3.2) and it
is given by

Gk = min(L,
Af,k

Lopt.As,k + ε
) (3.11)

where Af,k denotes short term average and As,k denotes the long term average,
L is a limiting threshold which limits the gain function’s value and Lopt is an
optimum suppression level for the gain function. The averages are computed as:

Af,k(n) = αfAf,k(n− 1) + (1− αf ) | m(n) | (3.12)

As,k(n) = αsAs,k(n− 1) + (1− αs) | m(n) | (3.13)

As,k(n) = min(As,k(n), Af,k(n)). (3.14)

where αf and αs are time constant of the short term and long term averages,
respectively.
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Evaluation

4.1 Results

Figure 4.1 shows the experimental setup, where s(t) is the clean speech sig-
nal, v(t) is a noise signal and x(t) is the sum of speech and noise signals

(s(t) + 10
−SNR

20 v(t)) scaled by desired level of Signal to Noise Ratio (SNR). Ms,
Cs, Mx, Cx,Mv and Cv are the signal matrices of modulators and carriers for
s(t), x(t) and v(t) respectively. The gain matrix G is calculated by passing
Mx through AGE system. This G is then multiplied with the Mx, Ms and Mv

whereafter the re-modulation and the synthesis processes generate the output
signals yx(t),ys(t),yv(t), as shown in figure 4.1.

Figure 4.1: Experiment Setup

This section presents the results having the following system parameters
L = 1,Lopt=0 to 20, Ts = 0.04s and Tf = 4s. The speech signals comprise
male (Fs = 16kHz) and female (Fs = 16kHz) speech signals and the noise sig-
nals are scaled so as to have 10dB, 5dB, 0dB,-5dB SNR. Noise signals are Engine
Noise(EN), Factory Noise(FN), Gaussian Noise(GN), Tonal Noise(TN) and Im-
pulse Noise(IN). The performance measurement is evaluated by the Signal to

21
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Noise Ratio Improvement(SNRI), Spectral Distortion(SD), Perceptual Evalua-
tion of Speech Quality(PESQ). The other tools which are used to evaluate the
system performance are Modulator Gain(MG) and the spectrogram. PESQ has
been calculated by comparing s(t) and ys(t) which gives an objective measure of
how much degradation the system has introduced on the speech signal due to in-
troducing the AGE gain function. The Mean Opinion Score(MOS) as computed
by the PESQ is for most of the tests around 3, which is consider fair for speech
signals. The purpose through all the experiments is to find the optimal value
on the critical system parameter Lopt, for different noise cases and for different
speaker situations. The figures 4.3 and 4.2 has shown the MOS around 3 for both
male and female speech signals. The gain functions of the fourth modulator has
been plotted in figures 4.4 and 4.4 in order to illustrate how much the system
has amplified the signals for both male and female signals. The clean male and
female speech signal modulator is also presented to shows that the obtained gains
are following the speech signal modulator exactly. The figures 4.6, 4.7, 4.8, 4.9
are the plots of male speech signal s(t) vs. processed noisy speech signals yx(t)
for Lopt=20 showing that AGE exactly boosting the male signal where the speech
is present. The figures 4.10,4.11, 4.12, 4.13, 4.14 are the plots of female speech
signal s(t) vs. processed noisy speech signals yx(t) for Lopt=20 showing that
AGE exactly boosting the female signal where the speech is present. The SD is
very low for Lopt < 5 and then increases rapidly with increasing Lopt values for
all tests. For male speech signal, the SD at Lopt = 20 is around -2 and -4dB for
FN, GN, TN and IN as shown in figures 4.18, 4.16, 4.15 and 4.17. The female
speech signal has different behavior than the male speech signal on SD. Figure
4.19, shows that SD is -2dB for EN, GN,IN and -4dB for FN and -10dB for FN
at the Lopt=20. The SD for female signal is around 0dB for EN, shown in figure
4.21. SNRI of male speech signal for TN at 0dB SNR for Lopt = 20 is around
10dB and for other noises is between 4 to 6dB, shown in figure 4.22. The female
speech signal also have SNRI of 9dB for TN and around 3 to 5dB for EN, FN,
GN, and IN at 0dB SNR as is observed in figure 4.28. Figures 4.23, 4.24 and 4.25
are showing the SNRI for male speech signal mixed with FN, GN, TN and IN at
5,10 and -5dB SNR. For TN SNRI is always around 10dB but for other noises
its around 4 to 6dB in all tests. Figures 4.27, 4.26 and 4.25 shows the SNRI of
female speech signal mixed with FN, GN, EN, IN, and TN at 5, 10, and -5dB
SNR. The SNRI for TN is around 10dB for all cases but the other noise behavior
changes for different cases, i.e., for case where noise is at 10dB SNR has the 7dB
SNRI for GN, 6dB for IN, 5.5 for EN and 5dB for FN, shown in 4.26.
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Figure 4.2: MOS for the female speech signal with the noise at 5dB SNR
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Figure 4.3: MOS for the male speech signal with the noise at 5dB SNR
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Figure 4.4: Gain of noisy male speech fourth modulator when the noise signals are at
10dB SNR
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Figure 4.5: Gain of noisy female speech fourth modulator when the noise signals are
at 10dB SNR
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Figure 4.6: Processed noisy male speech yx(t) and clean male speech s(t) with factory
noise at 10dB SNR
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Figure 4.7: Processed noisy male speech yx(t) and clean male speech s(t) with the
gaussian noise at 10dB SNR
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Figure 4.8: Processed noisy male speech yx(t) and clean male speech s(t) with the
tonal noise at 10dB SNR
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Figure 4.9: Processed noisy male speech yx(t) and clean male speech s(t) with the
impulse noise at 10dB SNR
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Figure 4.10: Processed noisy female speech yx(t) and clean male speech s(t) with
engine noise at 10dB SNR
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Figure 4.11: Processed noisy female speech yx(t) and clean male speech s(t) with
factory noise at 10dB SNR
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Figure 4.12: Processed noisy female speech yx(t) and clean male speech s(t) with the
gaussian noise at 10dB SNR
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Figure 4.13: Processed noisy female speech yx(t) and clean male speech s(t) with the
tonal noise at 10dB SNR
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Figure 4.14: Processed noisy male speech yx(t) and clean male speech s(t) with the
impulse noise at 10dB SNR
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Figure 4.15: Spectral distortion for male speech signal with the noise signals at 0dB
SNR
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Figure 4.16: Spectral distortion for male speech signal with the noise signals at 5dB
SNR
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Figure 4.17: Spectral distortion for male speech signal with the noise signals at 10dB
SNR
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Figure 4.18: Spectral distortion for male speech signal with the noise signals at -5dB
SNR
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Figure 4.19: Spectral distortion for female speech signal with the noise signals at 10dB
SNR
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Figure 4.20: Spectral distortion for female speech signal with the noise signals at 5dB
SNR
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Figure 4.21: Spectral distortion for female speech signal with the noise signals at 0dB
SNR
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Figure 4.22: Signal to Noise improvement for male speech signal with the noise signals
at 0dB SNR
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Figure 4.23: Signal to Noise improvement for male speech signal with the noise signals
at 5dB SNR
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Figure 4.24: Signal to Noise improvement for male speech signal with the noise signals
at 10dB SNR
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Figure 4.25: Signal to Noise improvement for male speech signal with the noise signals
at -5dB SNR
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Figure 4.26: Signal to Noise improvement for female speech signal with the noise signals
at 10dB SNR
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Figure 4.27: Signal to Noise improvement for female speech signal with the noise signals
at 5dB SNR
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Figure 4.28: Signal to Noise improvement for female speech signal with the noise signals
at 0dB SNR
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Figure 4.29: Signal to Noise improvement for female speech signal with the noise signals
at -5dB SNR





Chapter 5

Spectrogram Analysis

This chapter presents the spectrogram analysis of the system signals. Spectro-
grams generated for x(t) and yx when the Lopt=20, L=1, Ts=0.04s and Tf=4s,
and when the noise signals are scaled so as to have of 10dB, 5dB, 0dB SNR.

The spectrogram of a male speech signal that has been mixed with factory
noise at 0dB SNR is given in figure 5.1 and corresponding figure, after enhance-
ment with the AGE is given in figure 5.2. The AGE algorithm converges after 0.5
seconds for all test cases, whereafter it may be observed that the disturbing noise
is reduced while the formants of the speech is maintained. The spectrogram of a
male speech signal that has been mixed with gaussian noise at 0 dB SNR is given
in figure 5.3 and corresponding figure, after enhancement with the AGE system
is given in figure 5.4. Enhanced signal yx(t) has shown the formants very clearly
after the processing. Although gaussian noise is spread throughout the frequency
plane, but AGE work very efficiently, but little bit speech signal energy is also
lost. The figures 5.5 and 5.6 are showing the spectrogram of male speech signal
mixed with tonal noise at 0dB SNR and enhanced male speech signal by the AGE.
The tonal noise which has all of its energy around 1kHz has been reduced by the
AGE, i.e., reduced its energy, while maintaining the formants of speech. The
impulse noise at 0dB SNR which is same like gaussian noise whose energy spread
through all the frequencies, has been successfully eliminated in figure 5.8. Figures
5.9, 5.10, 5.11, 5.12, 5.13, 5.14, 5.15, 5.16 are the spectrogram of a male speech
signal mixed with FN, GN, TN and IN at 5dB SNR, and processed speech signals
spectrogram respectively. Figures 5.46, 5.48, 5.50, 5.52, 5.54 are presenting the
spectrogram of the female enhanced speech signals yx(t) which was corrupted by
EN, GN, FN, TN and IN at 0dB SNR. Figures 5.36, 5.38, 5.40, 5.42, 5.44, 5.26,
5.28, 5.30, 5.32, 5.34 are showing the enhanced female signals yx(t), which was
corrupted by EN, GN, FN, TN, and IN at 5dB and 10dB.

47
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Figure 5.1: Spectrogram of noisy male signal x(t), with the factory noise at 0dB SNR

Figure 5.2: Spectrogram of processed signal yx(t), with factory noise at 0dB SNR



Chapter 5. Spectrogram Analysis 49

Figure 5.3: Spectrogram of noisy male signal x(t), with the gaussian noise at 0dB SNR

Figure 5.4: Spectrogram of processed signal yx(t), with gaussian noise at 0dB SNR
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Figure 5.5: Spectrogram of noisy male signal x(t), with the tonal noise at 0dB SNR

Figure 5.6: Spectrogram of processed signal yx(t), with tonal noise at 0dB SNR
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Figure 5.7: Spectrogram of noisy male signal x(t), with the impulse noise at 0dB SNR

Figure 5.8: Spectrogram of processed signal yx(t), with impulse noise at 0dB SNR
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Figure 5.9: Spectrogram of noisy male speech signal x(t), with the factory noise at
5dB SNR

Figure 5.10: Spectrogram of processed signal yx(t), with the factory noise at 5dB SNR
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Figure 5.11: Spectrogram of noisy male speech signal x(t), with the gaussian noise at
5dB SNR

Figure 5.12: Spectrogram of processed signal yx(t), with the gaussian noise at 5dB
SNR
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Figure 5.13: Spectrogram of noisy male speech signal x(t), with the tonal noise at 5dB
SNR

Figure 5.14: Spectrogram of processed signal yx(t), with the tonal noise at 5dB SNR
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Figure 5.15: Spectrogram of noisy male speech signal x(t), with the impulse noise at
5dB SNR

Figure 5.16: Spectrogram of processed signal yx(t), with the impulse noise at 5dB SNR
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Figure 5.17: Spectrogram of noisy male speech signal x(t), with the factory noise at
10dB SNR

Figure 5.18: Spectrogram of processed signal yx(t), with the factory noise at 10dB
SNR
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Figure 5.19: Spectrogram of noisy male speech signal x(t), with the gaussian noise at
10dB SNR

Figure 5.20: Spectrogram of processed signal yx(t), with the gaussian noise at 10dB
SNR
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Figure 5.21: Spectrogram of noisy male speech signal x(t), with the tonal noise at
10dB SNR

Figure 5.22: Spectrogram of processed signal yx(t), with the tonal noise at 10dB SNR
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Figure 5.23: Spectrogram of noisy male speech signal x(t), with the impulse noise at
10dB SNR

Figure 5.24: Spectrogram of processed signal yx(t), with the impulse noise at 10dB
SNR
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Figure 5.25: Spectrogram of noisy female speech signal x(t), with the engine noise at
10dB SNR

Figure 5.26: Spectrogram of the processed signal yx(t), with the engine noise at 10dB
SNR
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Figure 5.27: Spectrogram of noisy female speech signal x(t), with the factory noise at
10dB SNR

Figure 5.28: Spectrogram of processed signal yx(t), with the factory noise at 10dB
SNR
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Figure 5.29: Spectrogram of noisy female speech signal x(t), with the gaussian noise
at 10dB SNR

Figure 5.30: Spectrogram of processed signal yx(t), with the gaussian noise at 10dB
SNR



Chapter 5. Spectrogram Analysis 63

Figure 5.31: Spectrogram of noisy female speech signal x(t), with the tonal noise at
10dB SNR

Figure 5.32: Spectrogram of processed signal yx(t), with the tonal noise at 10dB SNR
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Figure 5.33: Spectrogram of noisy female speech signal x(t), with the impulse noise at
10dB SNR

Figure 5.34: Spectrogram of processed signal yx(t), with the impulse noise at 10dB
SNR
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Figure 5.35: Spectrogram of noisy female speech signal x(t), with the engine noise at
5dB SNR

Figure 5.36: Spectrogram of processed signal yx(t), with the impulse noise at 5dB SNR
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Figure 5.37: Spectrogram of noisy female speech signal x(t), with the factory noise at
5dB SNR

Figure 5.38: Spectrogram of processed signal yx(t), with the factory noise at 5dB SNR
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Figure 5.39: Spectrogram of noisy female speech signal x(t), with the gaussian noise
at 5dB SNR

Figure 5.40: Spectrogram of processed signal yx(t), with the gaussian noise at 5dB
SNR
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Figure 5.41: Spectrogram of noisy female speech signal x(t), with the tonal noise at
5dB SNR

Figure 5.42: Spectrogram of processed signal yx(t), with the tonal noise at 5dB SNR
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Figure 5.43: Spectrogram of noisy female speech signal x(t), with the impulse noise at
5dB SNR

Figure 5.44: Spectrogram of processed signal yx(t), with the impulse noise at 5dB SNR
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Figure 5.45: Spectrogram of noisy female speech signal x(t), with the engine noise at
0dB SNR

Figure 5.46: Spectrogram of processed signal yx(t), with the engine noise at 0dB SNR
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Figure 5.47: Spectrogram of noisy female speech signal x(t), with the factory noise at
0dB SNR

Figure 5.48: Spectrogram of processed signal yx(t), with the factory noise at 0dB SNR
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Figure 5.49: Spectrogram of noisy female speech signal x(t), with the gaussian noise
at 0dB SNR

Figure 5.50: Spectrogram of processed signal yx(t), with the gaussian noise at 0dB
SNR
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Figure 5.51: Spectrogram of noisy female speech signal x(t), with the tonal noise at
0dB SNR

Figure 5.52: Spectrogram of processed signal yx(t), with the tonal noise at 0dB SNR
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Figure 5.53: Spectrogram of noisy female speech signal x(t), with the impulse noise at
0dB SNR

Figure 5.54: Spectrogram of processed signal yx(t), with the impulse noise at 0dB SNR



Chapter 6

Conclusion

A modulation frequency system has been presented in which the AGE has been
introduced with application of noise reduction of noisy speech signals. The AGE,
which has shown its advantages already in digital, analog and hybrid time domain
by its simplicity, low complexity for being robust to different noisy environment,
has been implemented in the modulation frequency domain in this thesis. The
detailed analysis of the system has put light on its advantages and disadvantages,
i.e. where the evaluation section highlights the compromise between low SD and
high SNRI. A better SNRI generally gives a more distorted speech signal. The
system provides good improvement on the female speech signal, with better SNRI,
low SD, fair MOS, and output speech signal sounds good. The maximum SNRI
obtained for the female speech signal analysis is around 9dB and SD of female
for some noise has been shown 0dB. Although the SNRI is high for male speech
signal but, the speech quality is not good. The spectrogram analysis provides
another view of these results.

The processed signal has the problem in that the AGE gain function does not
react so fast in the very beginning of the signal for the first 0.2 seconds. This
start-up time can be reduced by varying the integration time, but changing the
integration time has obvious consequences on the signal integrity and the noise
reduction performance. The possible future work can be to compare the AGE
modulation frequency implementation with other available AGE implementations
to check the possible advantages offered by modulation frequency system with
AGE. The spectral subtraction method for noise reduction can also be considered
for use in the modulation frequency domain.

75





Bibliography

[1] S. F. Boll, “Suppression of acoustic noise in speech using spectral subtrac-
tion,” IEEE trans. Accoust. Speech and Sig. Proc., vol. 27, no. 2, pp. 113–120,
April 1979.

[2] J. R. D. Jr, J. G. Proakis, and J. H. L. Hansen, Discrete time processing of
speech signals, 1993.

[3] M. H. Hayes, Statistical Digital Signal Processing and Modeling, 1996.

[4] N. Westerlund, M. Dahl, and I. Claesson, “Speech enhancement using an
adaptive gain equalizer,” DSPCS., 2003.

[5] L. E. Atlas and S. M. Schimmel, “Target talker enhancement in hearing
devices,” IEEE, ICASSP, pp. 4201–4204, 2008.

[6] L. Atlas and C. Janssen, “Coherent modulation spectral filtering for single-
channel music source sepration,” IEEE International Conference ICASSP.,
pp. 461–464, 2005.

[7] S. M. Schimmel, K. R. Fitz, and L. Atlas, “Frequency reassignment for co-
herent modulation filtering,” IEEE, Acoustics, Speech and Signal Processing,
ICASSP, vol. 5, pp. 261–264, 2006.

[8] Q. Li and L. Atlas, “Coherent modulation filtering for speech,” IEEE, Acous-
tics Speech and Signal Processing, ICASSP, pp. 4481–4484, 2008.

[9] B. King and L. Atlas, “Coherent modulation comb filtering for enhancing
speech in wind noise,” International Workshop on Acoustice Echo and Noise
Control, Sep 2008.

[10] M. S. Vinton and L. Atlas, “A scalable and progressive audio codec,” IEEE,
Acoustics, Speech and Signal Processing, ICASSP, vol. 5, pp. 3277–3280,
2001.

[11] L. Atlas, Q. Li, and J. Thompson, “Homomorphic modulation spectra,”
IEEE International Conference on Accoustics, Speech, and Signal Processing
(ICASSP), vol. 2, pp. 761–764, 2004.

77



78 Bibliography

[12] C. P. Clark and L. Atlas, “A sum-of-product model for effective coherent
modulation filtering,” IEEE International Conference on Acoustics, Speech
and Signal Processing, pp. 4485–4488, 2009.

[13] S. Schimmel and L. E. Atlas, “Analysis of signal reconstruction after modu-
lation filtering,” Advanced Signal Processing Algorithms, Architectures, and
Implementations, vol. 5910, pp. 163–172, 2005.

[14] C. P. Clark, “Effective coherent modulation filtering and interpolation of
long gaps in acoustic signals,” Master thesis, 2008.

[15] S. Schimmel, “Theory of modulation frequency analysis with applications to
hearing devices,” Ph.D. dissertation, 2007.

[16] N. Westerlund, M. Dahl, and I. Claesson, “Speech enhancement using
an adaptive gain equalizer with frequency dependent parameter settings,”
VTC04, 2004.

[17] M. Dahl, I. Claesson, B. Sallberg, and H. Akesson, “A mixed analog -digital
hybrid for speech enhancement purposes,” ISCAS., 2005.

[18] N. Westerlund, M. Dahl, I. Claesson, B. Sallberg, and H. Akesson, “Analog
circuit implementation for speech enhancement purposes,” Asilomar Con-
ference on Circuits, Systems and Computers., 2004.

[19] N. Westerlund, M. Dahl, and I. Claesson, “Real-time implementation of an
adaptive gain equalizer for speech enhancement purposes,” WSEAS., 2003.

[20] M. Dahl and B. Sallberg, “Speech enhancement implementations in the dig-
ital, analog and hybrid domain,” Swedish System on Chip Conference, 2005.

[21] N. Westerlund, M. Dahl, and I. Claesson, “Speech enhancement for personal
communication using an adaptive gain equalizer,” Elsevier Signal Process-
ing., vol. 85, pp. 1089–1101, 2005.

[22] P. Clark and L. E. Atlas, “Time-frequency coherent modulation filtering
of non-stationary signals,” IEEE transaction on Signal Processing, vol. 45,
no. 57, pp. 4323–4332, 2009.

[23] S. Schimmel, “Sphsc-503 speech signal processing,”
http://isdl.ee.washington.edu/people/stevenschimmel/sphsc503/files/notes11.pdf,
Tech. Rep., 2006.

[24] J. Glas, “A differential fm detector for low-if radios,” IEEE-Vechicular Tech-
nology Conference VTC., vol. 2, pp. 658–662, Sep.



Bibliography 79

[25] K.Kodera, R. Gendrin, and C. de Villedary, “Analysis of time-varying signals
with small bt values,” IEEE Transcations on Acoustics, Speech, and Signal
Processing, vol. 26, pp. 56–78, 1978.

[26] L. Atlas, P. Clark, and S. Schimmel, “Modulation toolbox for matlab
version 2.0,” http://isdl.ee.washington.edu/projects/modulationtoolbox/,
Tech. Rep., April 2009.

[27] J. R. Deller, J. G. Proakis, and J. H. L. Hansen, Discrete time processing of
speech signals. New York: Macmillan Publishing Company, 1993.


