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Abstract

Speech enhancement systems achieving a joint suppression of reverberation and back-
ground noise can be used in digital hearing aids, voice controlled systems or hands-free
telephony. Demanding requirements for computational complexity, signal delay and speech
quality must be fulfilled in order to achieve a satisfactory performance. The speech quality
depends on how accurate the reverberation characteristics such as the reverberation time
or the spectral variance of the late reverberant speech are estimated. In this thesis, an
efficient algorithm for a blind reverberation time estimation based on maximum likelihood
approach is introduced. The new algorithm allows to estimate reverberation times from
a much wider range with acceptable accuracy. Variance of the late reverberant speech
is another important quantity in dereverberation systems. Two late reverberant spectral
variance estimation methods are compared with regard to estimation accuracy and com-
putational complexity. Finally, the performance of the considered speech enhancement
system is analyzed with the improved reverberation time estimator.
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Chapter 1

Introduction

Enhancement of acoustically disturbed speech signals is a topic that has been extensively
investigated for several decades as these algorithms are used in many applications such as
wireless communication devices, hands free telephony or digital hearing aids. An acoustical
disturbance may occur due to several reasons. Ambient noise and reverberation are two
important factors that degrade speech signals received by microphones. They result in a
significant decrease of the speech intelligibility. For instance, most of the devices based
on speech recognition such as voice control devices, are strongly affected and perform
with lower accuracy in noisy and reverberant environments. Another example can be the
considerable decrease in speech intelligibility for the people using digital hearing aids. In
order to mitigate this degradation, speech enhancement algorithms may be utilized. Some
fundamental speech enhancement methods are Wiener filtering and spectral subtraction
[1]. Currently, these techniques form the basis of many speech enhancement systems.
Early research activities are mainly concentrated on removing the background noise. How-
ever, recent work is focused on the systems achieving a joint suppression of noise and
reverberation, e.g., [2, 3, 4, 5]. High requirements on computational complexity and sig-
nal delay especially for hearing aids and similar applications make this problem quite
challenging.
Speech enhancement methods can be classified into two main groups according to the
number of microphones by which the speech is recorded. For signals obtained by only a
single microphone, single-channel speech enhancement algorithms are utilized. By using
two or more microphones, multi-channel speech signals can be obtained. Algorithms for
multi-channel signals outperform those for single-channel signals as they can also exploit
spatial features of the received signal.
In this thesis, specific parts of a novel single-channel noise reduction and dereverberation
system [5] are investigated with regard to their efficiency and accuracy. This system has
been designed for hearing aids and other related systems requiring a high speech quality
and, low computational complexity and signal delay. Despite significant improvement
compared to previous methods, some parts of this algorithm can still be performed in
a more efficient manner. In the next part, a brief overview of the system will be given
in order to introduce the considered speech enhancement system. The last section of
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Figure 1.1: Components of a Room Impulse Response (RIR)

introduction contains the objectives of this thesis and the outline of this report.

1.1 System Overview

The input signal x(k) is a noisy and reverberant speech signal and can be written as the
sum of the reverberant speech z(k) and additive noise v(k)

x(k) = z(k) + v(k). (1.1)

The reverberant speech can be expressed in terms of the clean speech s(k) as

z(k) =
LR−1∑
n=0

s(k − n)hr(n, k) (1.2)

where hr(n, k) is the time-varying acoustical impulse response of the environment termed
as room impulse response(RIR). The reverberation process can be interpreted as the com-
bination of some reflections arriving at different time instances at the microphone. As
the distance between the source and microphone increases, these reflections become more
disturbing. In a reverberant environment, the received signal is composed of the direct
sound, early reflections and late reflections. These components are shown in Figure 1.1.
Direct sound is the first component arriving at the microphone. It is followed by the
early reflections arriving shortly after the direct sound. All the other reflections arriving
afterwards are considered as late reflections. According to some acoustical experiments,
early reflections, which are received with a maximum delay of 100 ms, augment the direct
sound by increasing the amplitude and have a positive effect on the speech intelligibility

Institute of Communication Systems and Data Processing
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Figure 1.2: Illustration of the Overlap-Masking Effect

[6, 7]. The detrimental effects of reverberation are due to late reflections which cause
noticeable temporal and spectral smearing termed as coloration. In other words, each
phoneme overlaps the foloowing phoneme resulting in a decreased speech intelligibility [8].
This effect is called the overlap-masking effect and is illustrated in Figure 1.2. Elongation
of the phonemes can be seen from the figure causing a change in the envelope of the speech
signal. Taking this information into account, reverberant speech z(k) is written as the sum
of the early and late reverberations

z(k) =
Le−1∑
n=0

s(k − n)hr(n, k) +
LR−1∑
n=Le

s(k − n)hr(n, k) = ze(k) + zl(k). (1.3)

The amount of reverberation is measured in terms of the reverberation time (RT). The
RT is a crucial parameter in acoustics and characterizes the acoustical properties of en-
closed environments. It is a measure of sound persistance after the excitation source is
switched off. Estimation of this quantity is quite important as it gives some acoustical
information about the enviroment and is also required to estimate the spectral variance
of late reverberant speech.
The considered system enhances a noisy and reverberant speech by suppressing the late
reverberant speech and background noise using a generalized spectral subtraction rule
depending on the spectral variance of late reverberant speech and background noise. The
spectral variance of late reverberant speech is obtained using the estimated RT [9]. A
detailed investigation of this speech enhancement approach can be found in Chapter 3.
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4 1 Introduction

1.2 Objectives of the Thesis and Outline

In the current system, the RT is estimated blindly using maximum likelihood (ML) ap-
proach which yields satisfying results. However, it is known that this way of RT estimation
requires significant computational effort. Therefore, the estimation procedure should be
modified so that it is performed more efficiently and accurately. In this thesis, the main
goal is to introduce a modified estimation procedure based on ML approach with improved
accuracy and higher efficiency. For this purpose, several experiments have been conducted
in order to find out methods that are useful to tackle this problem.
Secondly, the estimation of the spectral variance of late reverberant speech in current
system assumes that the RT of the environment is known. A novel late reverberant
spectral variance (LRSV) estimator based on long-term correlation in the DFT domain is
discussed in [11]. Comparing these two techniques in the sense of accuracy is also another
important issue. A final discussion will be done on the system performance after the
proposed algorithm has been analyzed.
The organization of the thesis is as follows. Chapter 2 starts with the fundamentals of re-
verberation time. Then, algorithms for non-blind and blind RT estimations are discussed.
The proposed algorithm is presented after the discussion about related methods. In the
first section of Chapter 3, the considered system and the spectral subtraction technique
are explained. Two LRSV estimation methods are examined afterwards. The last sec-
tion contains a discussion about the performance of these estimators. In Chapter 4, a
performance analysis of the modified system is provided for different scenarios. Finally,
Chapter 5 provides the conclusions, future work and possible extensions.
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Chapter 2

Reverberation Time Estimation

Reverberation is an important phenomenon in room acoustics and occurs due to the com-
bination of the direct sound with reflections coming through different paths to the micro-
phone. These reflections are perceived as the persistance of the sound even if the sound
source is switched off. The effects of reverberation can clearly be seen by observing a
reverberant speech signal both in time and frequency domains. Reverberation time (RT)
is defined as a parameter in order to measure the amount of reverberation quantitatively.
The first formula for calculating RT from room geometry was derived by Sabine in the late
1890s [12] after collecting a significant amount of data from experiments carried out in
different environments. Reverberation time is defined as the time required for the energy
of a sound field to decay 60dB below its initial level after switching off the excitation
source [13]. For this reason, RT is generally denoted by T60. This definition is still widely
accepted and used in scientific research. However, Sabine’s formula requires the knowledge
of volume, surface area and absorption characteristics of the room. For most cases, this
information is not known a priori.
Afterwards, several different methods were proposed for RT estimation. A classification of
these techniques can be made according to the needed prior knowledge about the acoustical
environment. Non-blind estimation techniques make use of room impulse responses in
order to obtain sound energy decay curves for RT estimation. Blind estimation techniques,
which are much more interesting for speech enhancement algorithms, estimate RT directly
from the measured signal, i.e. reverberant speech. Partially blind methods, which are not
discussed in this report, require some prior information about the environment but not
necessarily the room impulse response.
In the next section, the fundamentals of non-blind estimation methods are discussed.
Then, two examples, namely Schroeder Method and ML estimation, are investigated in
more detail. The last section of this chapter is devoted to blind RT estimation. It should
be noted that the frequency dependency of the RT is neglected all through this thesis.

RWTH Aachen University



6 2 Reverberation Time Estimation

2.1 Non-blind Reverberation Time Estimation

2.1.1 Schroeder Method

Schroeder Method exploit the impulse response of the room to estimate the RT. The
logarithm of the squared room impulse response gives an energy decay curve. Estimating
the RT from a single energy decay curve is not very accurate and consistent since the
excitation signal is a noise with random fluctuations. Many realizations can be averaged
in order to get an accurate and reliable estimate. However, the averaging process is
somewhat cumbersome. A more elegant solution was proposed by Schroeder in 1965 [14].
Schroeder derived a relation between a room impulse response and ensemble average of
sound decays obtained after switching off the excitation source

〈s2(t)〉 =
∫ ∞
t
h2
r(x) dx (2.1)

where s(t) is a recorded sound decay and hr(x) is a room impulse response. The average
of all possible sound decays can be calculated simply by integrating the room impulse
response over time using (2.1).
Theoretically, a decay of 60dB is required in order to be able to estimate the RT directly
from Schroeder’s energy decay curve. However, this is not possible in practice due to
noise. Therefore, linear regression is used to approximate the curve with a straight line.
This procedure is depicted in Figure 2.1. In the first figure, a room impulse response from
the Aachen Impulse Response database [15] is plotted. The second figure illustrates the
RT estimation procedure using the energy decay curve obtained using Schroeder Integral.

The upper part of the curve is more linear compared to parts closer to the noise floor.
The RT is overestimated if the data closer to the noise floor is used in the line fitting.
According to the specifications [16], the data between -5dB and -25dB or -35 dB should
be considered while applying a line fitting procedure. The estimated RT is the instant at
which the approximation line intersects the decay curve equal to -60dB.
Further improvements made on Schroeder Method can be found in [17] and [18]. The
method explained above is important in the sense that the RT value obtained from this
method is commonly used as a reference while analyzing the performance of other RT
estimation methods. In the next part, another way of measuring the RT is discussed.

2.1.2 Maximum Likelihood Estimation

ML Estimation is another technique that can be used both for non-blind and blind estima-
tions [19]. It is based on modeling the reverberant tail as an exponential depending only
on a time constant. In this concept, this time constant is often called the decay rate of the
exponential. Assuming late reflections are uncorrelated, the sound decay can be modeled
as an exponentially damped uncorrelated white Gaussian noise sequence [19]. Actually,
this assumption is valid for diffuse sound fields where certain number of late reflections
occur. The diffuser the sound field is, the more reflections arrive and the more realistic
the exponentially decaying RIR assumption becomes . In Figure 2.2, a statistical room
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2.1 Non-blind Reverberation Time Estimation 7
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Figure 2.1: RT Estimation is performed by applying linear regression to the data between
-5dB and -35dB

impulse response having the same RT as the real RIR in Figure 2.1a is depicted. The
derivation of this algorithm starts with certain assumptions. It is assumed that the rever-
berant tail is the product of a random process x(k) determining the fine structure and a
deterministic signal a(k) for the envelope. Finally, x(k) is assumed to be an independent
and identically distributed (i.i.d) random variable distributed with N(0, σ). As a result,
the reverberant tail can be written as

y(k) = a(k)x(k) (2.2)

It can be concluded from (2.2) that y(k) is a random variable which is independent but
not identically distributed as a(k) changes with time. y(k) is distributed with N(0, σa(k))
implying that the variance depends on a(k) for each k. The probability density function
of y(k) is

pY (y(k)) = 1
a(k)
√

2πσ2
exp

(
−(y(k)/a(k))2

2σ2

)
(2.3)

The joint probability density of N random variables is the likelihood function of y(k)

L(~y;~a, σ) =
(
N−1∏
k=0

a(k)
)−1 ( 1

2πσ2

)N/2
exp

(
−
∑N−1
k=0 (y(k)/a(k))2

2σ2

)
(2.4)

(2.4) is a general likelihood function for any a(k). It should be considered that a(k) has
to be a sound decay. As mentioned before, the sound decay is related only with late
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8 2 Reverberation Time Estimation
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Figure 2.2: Late reflections modeled by an exponentially damped white Gaussian noise

reflections and modeled simply with an exponential with a single variable of decay rate

a(k) = e−kρ (2.5)

where ρ is the decay rate. Defining a = e−ρ, (2.4) can be modified as

L(~y; a, σ) = a−
(N−1)N

2

( 1
2πσ2

)N/2
exp

(
−
∑N−1
n=0 a

−2ny2(n)
2σ2

)
(2.6)

=
( 1

2πσ2aN−1

)N/2
exp

(
−
∑N−1
n=0 a

−2ny2(n)
2σ2

)
(2.7)

Model parameters a and σ can be estimated using the maximum likelihood approach [21].
The log-likelihood function (LLF) is found as

Ł(~y; a, σ) = ln(L(~y; a, σ)) (2.8)

= ln
(
2πσ2aN−1

)−N/2
(
−
∑N−1
n=0 a

−2ny2(n)
2σ2

)
(2.9)

= −N
2 ln(2πσ2)− (N − 1)N

2 ln(a)− 1
2σ2

N−1∑
n=0

a−2ny2(n) (2.10)

Derivation of the best estimates of model parameters a and σ can be found in Appendix.

2.1.3 Discussion

It is important to keep in mind that this algorithm yields good RT estimates only for
speech offsets as (2.10) is only valid for an exponential decaying a(k). This point will be
revisited in blind ML estimation of the RT. For the case of non-blind estimation, since
y(k) is a RIR, this assumption is already satisfied with some inevitable model errors.
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2.1 Non-blind Reverberation Time Estimation 9

Room Impulse Response Schr[-5,-25] Schr[-5,-35] ML[1000] ML[2000] ML[4000] ML[6000]
Meeting Room (d=1.90m) 0.28 0.30 0.27 0.33 0.37 0.43
Stat. RIR (RT=0.30s) 0.30 0.30 0.30 0.31 0.30 0.30
Office Room (d=3.00m) 0.60 0.62 0.44 0.49 0.62 0.65
Stat. RIR (RT=0.62s) 0.63 0.62 0.64 0.65 0.63 0.63

Lecture Room (d=5.56m) 0.84 0.85 0.69 0.71 0.82 0.84
Stat. RIR (RT=0.84s) 0.84 0.84 0.88 0.90 0.85 0.85

Table 2.1: Effect of buffer length on RT estimation

Another important parameter for this estimation is N , the length of y(k). This parameter
is called buffer length. Several experiments have been conducted to investigate the effect
of the buffer length. The RT is estimated for different buffer lengths using statistical RIRs
and real RIRs. In the first experiment, six different RIRs (three statistical and three real)
are used. For this purpose, the model in [22] is used to formulate the statistical RIR with
a certain RT

r(k) = Ax(k) e−ρ k Ts ε(k) (2.11)

where A is the arbitrary amplitude, x(k) is i.i.d random variables distributed with N(0, 1),
ε(k) is the unit step response and ρ is the decay rate. Ts refers to the sampling period and
k denotes the discrete time index. To remove the effect of randomness, the noise signal
is created once and used in all simulations. The RT obtained from Schroeder Method
with line fitting limits of -5dB and -35dB is used as a reference for real RIRs. Then,
estimations are repeated for several buffer lengths. The results for different RIRs are
given in Table 2.1. During these simulations, the sampling frequency of 16kHz is taken.
The values in brackets indicate the buffer length for ML estimation and the upper and
lower limits in dB for Schroeder Method. The time limit for late reflections is chosen to
be 32ms in ML estimation.
It is observed that the buffer length has a noticable impact on the estimation result for
real RIRs. In the case of the meeting room, buffer length of 1000-2000 yields correct
estimates. For the office room, the buffer length has to be increased to 4000. The lecture
room requires more than 6000 samples. From these results, it can be stated that using a
constant buffer length limits the range of estimation, i.e. only a narrow range of RTs can
be estimated correctly. For low RTs, RT estimation using statistical RIRs is not affected
from the buffer length at all except some small deviations due to their random nature.
However, overestimations have been observed for higher RTs since short buffer lengths
(1000, 2000) do not cover the complete tail of the decay.
From the experiments discussed above, it can be stated that buffer length should be
selected properly in order to get a good RT estimate. Knowing this fact, a comparison
has been made with limits of Schroeder Method. Energy decay curves obtained from
Schroeder Integration are plotted and the sample indices at which the normalized curve is
equal to -5dB and -35dB are determined. Then, ML estimation is applied to the specific
part of the RIR limited the samples corresponding to decay between -5dB and -35dB.
These results are compared with the RT estimates obtained using the Schroeder Method
with the same limits. The procedure is illustrated in Figure 2.3 and results are given
in Table 2.2. Consistent results are obtained using both methods. As a result of these
observations, the -5dB and -35dB limits can also be used as a reference when choosing the
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10 2 Reverberation Time Estimation
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(c) Energy Decay Curve of the Lecture Room
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Figure 2.3: Buffer length selection according to Schroeder Integral limits
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2.2 Blind Reverberation Time Estimation 11

Room Impulse Response Schr[-5,-35] Corresponding Buffer Length ML[-5,-35]
Meeting Room (d=1.90m) 0.30 2541 0.30
Office Room (d=3.00m) 0.62 5155 0.63
Lecture Room (d=5.56m) 0.85 6989 0.86

Table 2.2: ML Estimation results using Schroeder Integral limits

appropriate buffer length in ML estimation.

2.2 Blind Reverberation Time Estimation

2.2.1 Introduction

Blind RT estimation refers to a case where the estimation is performed based on the rever-
berant speech signal. This means that any information about room acoustics, recording
setup and so on is not available. This kind of estimation is necessarily used in practical
applications since the only available information is the reverberant speech signal. A blind
RT estimator based on pitch strength is presented in [23]. Estimation of the RT from
the distribution signal decay rates is presented in [24]. A novel algorithm using support
vector regressor is introduced in [25]. In the system explained in Chapter 3, maximum
likelihood estimation is used for blind RT estimation which is discussed in Section 2.1.2.
This approach is explained and its shortcomings are mentioned in Section 2.2.2. Then, an
efficient variant of this technique is presented in Section 2.2.3. Before that, the effect of
an important difference between non-blind and blind ML estimations is examined.
The decays obtained for non-blind estimation are recorded after the excitation signal
disappears completely. This means that the excitation signal abruptly goes to zero and a
pure sound decay is recorded. In the other case, free decay of the clean speech signal is
elongated due to reverberation. A bias in the RT estimate is expected due to this reason.
Several simulations have been made in order to observe the significance of this deviation.
A noise sequence decaying with different decay constants at the end is convolved with
a RIR of known RT. Afterwards, ML estimation is applied to measure the RT. Noise
sequences with different decay rates are shown in Figure 2.4. The results are depicted in
Figure 2.5a for statistical RIRs and Figure 2.5b for real RIRs. In all cases, the expected
RT estimate tends to increase after some point where deviation from the ideal case gets
considerable. For lower RTs, the increase is faster compared to higher RTs. This can be
expected since the free decay of clean speech is more comparable with the elongation due
to reverberation for lower RTs. This experiment proved that the difference mentioned
above can be neglected in blind RT estimation as the decay constant where the deviation
becomes significant is too large to model a real free decay.

2.2.2 Current Approach

The current system uses blind ML estimation for RT estimation discussed in Section 2.1.2.
The relation between decay rate and reverberation time is frequently used to estimate RT.
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12 2 Reverberation Time Estimation
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(c) Decay constant = 0.003
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(d) Decay constant = 0.0015

Figure 2.4: Noise sequences used to observe the effect of deviation from interrupted noise
method
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Figure 2.5: Simulation Results with Statistical and Real Room Impulse Responses

As the starting point, a sound decay model hM (k) is defined as

hM (k) = Ar v(k) eρ k Ts ε(k) (2.12)

The relation between the decay rate and the reverberation time is as follows

T60 = 3 ln(10)
ρ

= 6.9078
ρ

(2.13)

The procedure for decay rate selection was explained in [19] with the following observation.
It is not possible to find a decay in a reverberant speech signal which decays faster than
the free decay rate which is proportional to reverberation in the environment. Therefore,
all available decays can be used for RT estimation. Using every sound offset for estimation
surely increases the variance of the estimate. However, when some number of raw estimates
are collected in the buffer, the histogram of this data has a peaky shape clearly pointing
the most probable estimate. Therefore, the quantity of raw data used in the histogram
is quite important to find the most probable estimate in such a statistical estimation
technique.
The flowchart of the current system is given in Figure 2.6. In practical cases, the measured
signal is processed frame by frame in the system. Each frame is firstly denoised before ML
estimation and then voice activity detection is applied. If a frame does not have enough
energy, it is classified as silence and ML estimation is not performed. For the other case,
the log-likelihood function [22] given below is evaluated among several decay rates to find
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Figure 2.6: Flowchart of the current RT estimator
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out the best estimate.

Ł = −N2

(
(N − 1)ln(a) + ln

(
2π
N

N−1∑
i=0

a−2iy2(i)
)

+ 1
)

(2.14)

where a = e−Ts ρ. Obviously this approach has some problems. Firstly, it is important to
mention that the ML estimation is continuously applied to every voiced speech segment.
However, it is known that blind RT estimation should be applied to speech offsets in order
to obtain a correct estimate. All other estimates obtained from speech onsets or ongoing
speech result in overestimations. If the estimation is only applied to speech offsets rather
than onsets or ongoing speech, the number of blocks to which the ML estimation is applied
significantly decreased and many unnecessary calculations are avoided.
Another problem of the current algorithm is the limited range for the RT estimation due
to constant buffer length. Some observations were mentioned on the effect of buffer length
in Section 2.1.3. In the case of blind estimation, the buffer length is much more crucial
since the length of the available decays alter for each decay. It can be said that if ML
estimation is applied to a frame with a decay followed by an onset or ongoing speech, it
overestimates the actual RT. Therefore, buffer length should be chosen precisely so that
the buffer only includes a speech offset.
A novel method not only dealing with the problems discussed above but also introducing
some other features is presented in the next section. Development of this technique is the
main issue in this thesis. Therefore, the features introduced are explained elaborately.

2.2.3 Improved Method

A novel technique based on ML estimation with low computational complexity is developed
in order to satisfy the demanding requirements of hearing aids. The starting point was
continuous ML estimation discussed in the previous section. The first problem of the
current approach was that every voiced segment is used for the RT estimation. In the
proposed method, an implicit speech offset detection is performed before estimation phase
rather than voice activity detection. Only the frames satisfying certain conditions are
used in RT estimation. These conditions are introduced to eliminate irrelevant segments,
e.g. silences, onsets and ongoing speech and defined differently for different ranges of
RTs. Furthermore, using a counter during offset detection, the length of the decays is
determined. This information is useful in the sense that the buffer length can be chosen
more precisely for each decay. It gives a flexibility on the limits of the chosen segment
and more precise decay detection can be realized. A complete flowchart explaining the
algorithm is given in Figure 2.7. Detailed explanation of the new features is given one by
one in the upcoming sections.

2.2.3.1 Offset Detection and Adaptive Buffer Length Selection

Offset detection is achieved by means of energy comparison between non-overlapping
frames. Defining a constant frame length, variance, maximum and minimum values of
each frame are calculated. A comparison is performed with the previous frame whether
these values are decreased by a certain amount. A continuous decrease for all three values
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Figure 2.7: Flowchart of the proposed RT estimator
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Figure 2.8: Segments with undesired envelopes

for some number of frames can be considered as an evidence of a speech offset. Variance
obviously corresponds to the energy of the frame. Minimum and maximum values are used
to eliminate segments having an unacceptable envelope. Two examples of such segments
are shown in Figure 2.8. The first example exhibits a damped waveform at positive values,
but rather flat at negative values. The other example has a flat waveform at positive val-
ues. It has been observed that such segments mostly yield incorrect estimates and should
be eliminated before estimation phase.
Detecting some number of frames with continous decrease does not mean detecting a
speech offset most of the time. In order to detect the segments resembling an exponential
decay, the amount of decrease between the frames has to defined properly. For this purpose,
decay coefficients are introduced.
The decay coefficients are determined according to several observations. First of all, sev-
eral simulations have made accepting all the frames having simply smaller values compared
to previous frame, i.e. all decay coefficients are ones. These loose conditions yield desired
histograms with higher RTs. However, many outliers are observed for lower RTs. There-
fore, stricter conditions should be introduced for lower RTs in order to estimate more
accurately and efficiently. Two histograms are shown in Figure 2.9 obtained for a case
with RT of 0.2s.
Obviously, the first histogram has more outliers implying more computational effort. De-
cay coefficients for the second histogram includes zeros in order to limit the buffer length.
The main aim of introducing stricter conditions is to remove these incorrect estimates
and to have a refined histogram as shown in Figure 2.9b. Another important observation
is that the number of available decays is greater for lower RTs. The reason for this ob-
servation is quite evident. Strong reverberation fills the gaps between the peaks due to
temporal smearing and some smaller peaks vanish. As a result, a less number of decays
with longer lengths can be expected for higher RTs. In this case, choosing loose conditions
for higher RTs also increases the possibility of detecting the offsets.
Decay detection procedure and the corresponding buffer length selection are illustrated in
Figure 2.10 and Figure 2.11. Procedure of decay detection starts with the calculation of
the variance, minimum and maximum of the first speech frame. Let the decay coefficients
be (0.7, 0.8, 0.9, 0.95, 1). Proceeding to second frame, the required amount of decrease in
three values are defined by the first decay coefficient which is 0.7. In other words, variance,
minimum and maximum of the second frame must decrease at least 30% compared to the
first frame. As this condition is satisfied, the second frame is concatenated to the first
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(a) Histogram with decay coefficients (1, 1, 1, 1, 1)
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(b) Histogram with decay coefficients (0.7, 0.8, 0.9, 0, 0)

Figure 2.9: Effect of coefficient choice on the histogram

frame and stored in the buffer. Second decay coefficient is 0.8. This means that the third
frame should have at least 20% decrease in all values compared to the second frame. The
conditions are again satisfied and the third frame is concatenated to the previous frames.
However, in the following frame, all three values increases. Therefore, the segment stored
in the buffer is used in ML Estimation.
In order to provide more precise decay detection, the buffer length is adapted for each
decay. the length of detected decays can be known by counting the number of concatenated
frames. As soon as the conditions are satisfied, each frame is stored in the buffer. Once the
following frame does not satisfy the conditions, the algorithm checks whether the length of
the buffer is greater than the minimum buffer length value. If it is greater, ML estimation
is performed using the data stored in the buffer. Minimum buffer length, which should be
a multiple of the frame length, is quite crucial in the algorithm as it sets a lower bound
to the length of the speech segments used for RT estimation.
In these simulations, frame length is set to 640 and there are 4 possible buffer lengths that
are three to six times the frame length chosen depending on the length of decay. Mostly,
detected decay lengths are equal to the minimum buffer length for the reverberant speech
signal with a RT of 0.2s. For higher RTs, number estimations made with smaller buffer
lengths still dominate the others. However, most RT estimates obtained with smaller
buffer lengths clearly underestimate the actual RT. Histograms in Figure 2.13 illustrate
the distribution of buffer lengths yielding correct estimates (i.e. in ±50ms range of actual
RT) for each room.
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Figure 2.10: Decay Detection Procedure

RWTH Aachen University



20 2 Reverberation Time Estimation

0 0.1 0.2 0.3 0.4 0.5
−0.2

−0.1

0

0.1

0.2

Time(s)

A
m

pl
itu

de

(a) Three Frames Satisfying the Conditions

0 0.1 0.2 0.3 0.4 0.5
−0.2

−0.1

0

0.1

0.2

Time(s)

A
m

pl
itu

de
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Figure 2.11: Buffer Length Selection

Considering this fact, the buffer length is defined as three and four times the frame length
(1920 and 2560) for RTs smaller than 0.50s. Buffer lengths of 2560 and 3200 are used
when RT estimates are between 0.5s and 0.75s. For RTs higher than 0.75s, 3200 and 3840
are used as buffer lengths.
As discussed before, the buffer length is an important parameter having a effect on the
estimation range. This effect is more noticeable in blind estimation compared to non-
blind estimation discussed in Section 2.1.3. This statement can be also confirmed by some
statistical findings. For this purpose, the same speech segment is reverberated with two
RIRs, one with a RT of 0.2s and the other with a RT of 0.85s. Then, decay detection is
applied with decay coefficients of ones. Distributions of the decay lengths are shown in
Figure 2.12.
Considering these outcomes, the new algorithm is designed in the following manner. In the
initialization phase, decay coefficients of ones are taken for all values. The main goal is to
collect as many estimates as possible in order to have an idea about the reverberation time.
After collecting some amount of raw data, the algorithm outputs the actual RT estimate
by returning the most probable value. There might be special applications in which it
is desirable that the algorithm immediately outputs an estimate. For such a case, a fast
adaptation mode is available. Estimated RT over time plots which are obtained using
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(b) Reverberation Time = 0.85s

Figure 2.12: Buffer length distribution of all estimations
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(b) Reverberation Time = 0.85s

Figure 2.13: Buffer length distribution of correct estimations

accurate estimation mode and fast adaptation mode are compared in Figure 2.14. Several
jumps are observed in the adaptation phase of fast adaptation mode, but it takes less time
to converge. After the adaptation phase, the RT is more or less known and parameters
such as minimum buffer length and decay coefficients are adjusted in order to increase
accuracy and efficiency. Each estimate is added to the histogram and the maximum value
of the histogram is returned to be the estimated RT.

2.2.3.2 Histogram Parameters

Accuracy of the proposed blind RT estimator is highly related to the histogram of raw
data. There are several different parameters defining a histogram. Firstly, the bin width
is set to 50ms. The trade-off between resolution and accuracy should be examined for
this parameter. Figure 2.15 shows three different histograms with different bin widths.
The histogram having a bin width of 10ms does not have a peaky structure as the raw
data distributed among 141 bins and there will be some problems while deciding on the
actual RT estimate. Furthermore, the peak on the histogram changes freqeuntly causing
fluctuations in the estimated RT. The other extreme case is a bin width of 100ms. This
histogram is well-structured and the most probable value is obvious. However, resolution
is quite low for this case. A nice compromise is found with 50ms where both resolution
and accuracy requirements are satisfied. The amount of stored raw data is the second
important parameter. For deciding on the value, it is important to consider that there
should be enough raw data to observe the most probable value clearly. Furthermore, raw
data is kept is in a last-in-first-out buffer storing histogram bin indices of the estimates.
It is not reasonable to keep huge amount of raw data. Considering these two constraints,
buffer size can be selected between 500 - 1000.
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Figure 2.14: Two modes of the proposed method

2.2.3.3 Downsampling

In the ML estimation procedure, the log-likelihood function of (2.14) is used. It can be
seen that the LLF expression depends on the sampling period Ts. Therefore, depending on
the actual value of sampling frequency, detected decays can be downsampled by several
times before ML estimation without changing the estimated RT value. As the initial
sampling frequency increases, appropriate downsampling factor also increases.
In the simulations, an appropriate downsampling factor for a sampling frequency of 16
kHz has been sought. For time-varying scenarios, this factor can be chosen as 5. For
time-invariant scenarios in which the RT does not change during the process, it can be
even larger (up to 15 times). It is remarkable that the log-likelihood function is calculated
for each possible decay rate, i.e. approximately 30 times, in every ML estimation. Down-
sampling the sequence saves important amount of computation by reducing the number
of samples that needs to be processed.

2.2.3.4 Fast Response to Changes in Acoustical Environment

In real life applications, the estimated RT should be reevaluated instantaneously in case of
a change in the acoustical characteristics of the environment. For instance, when a person
using a hearing aid moves from a smaller room to a larger room with more reverberation,
current raw data will be different compared to the previous one. However, the actual
RT estimate depends on the histogram of the raw data. Since current values are stored
together with previous estimates, this change cannot be noticed quickly by observing the
histogram. A second histogram plotted only using the current data can be a solution.
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(c) Bin size = 100ms

Figure 2.15: Effect of the histogram bin width on RT estimation
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Inconsistency between the histograms should be interpreted as a change in RT. By this
way, quick changes can also be noticeable and the algorithm can respond as soon as
possible.
Smoothing is also quite crucial considering the variance of the RT curves obtained and the
convergence time of the algorithm. For stationary environments, a very high smoothing is
applied to obtain rather flat curves. Flatness of the curves has practical importance when
using RT estimate in late reverberant spectral variance estimation. However, in case of
a change in room characteristics, the actual RT estimate converges to the correct value
lately due to high smoothing factor. Convergence takes a longer time as the difference
between the previous and current RTs is greater. To solve this problem, an adaptive
smoothing approach is introduced. Two different smoothing coefficients are used for two
different cases. If the peak of the histogram changes more than ±0.15s, a small smoothing
coefficient is used so that the actual RT estimate quickly converges to this new value.
However, if the change is limited to 0.15s, then a very high smoothing coefficient is chosen
in order to prevent fluctuations.
The concepts introduced above complement each other in a way that when the peak of the
histogram of current data deviates consistently, the other histogram with more amount of
data is reset. The following estimation is performed considering the current raw data. If
the new peak is not in the range of ±0.15s, a quick jump is made to the new RT estimate.
For several scenarios, performance of this approach is analyzed later in Chapter 4.

2.2.3.5 Performance in Noisy Scenarios

As mentioned before, the proposed algorithm uses the special LLF derived for noiseless
cases in [22]. The best way to cope with noise is to estimate the decay rate using the
advanced LLF in which additive noise is also taken into consideration. However, in the
scope of this thesis, several investigations are done with the proposed algorithm. The
results show that even with the simplified LLF, the algorithm works with noisy signals
having moderate levels of noise. Estimated RT over time plots for Signal-to-Noise(SNR)
ratio of 10dB and 20dB can be found in Chapter 4.
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Chapter 3

Speech Dereverberation and Noise
Suppression

RT estimation, which is the main subject of the report so far, is necessary for the speech
dereverberation technique explained in [9]. As mentioned in Section 1.1, late reverberation
is the main reason for the disturbing effects of the reverberation. In the considered system,
spectral subtraction is applied to suppress late reverberation and background noise.
A block diagram of the system is given in Figure 3.1. The noisy and reverberant speech
signal x(k) is first converted to the frequency domain in order to obtain short-term spectral
coefficients X(i, λ). i and λ are the frequency index and subsampled time index respec-
tively. Prior denoising is performed to reduce the amount of noise by applying spectral
weighting. The resultant signal Ẑ(i, λ) is then converted to time domain and used for
reverberation time estimation based on the maximum likelihood estimation. After obtain-
ing an RT estimate, the late reverberant spectral variance (LRSV) is estimated using the
model-based estimation of [4, 9]. The spectral noise variance can be estimated using the
minimum statistics technique [10]. Using the estimate of LRSV and the spectral noise
variance, spectral gains are calculated according to the generalized spectral subtraction
rule and spectral weighting is applied to X(i, λ). Finally, the spectrally weighted signal
Ŝ(i, λ) is converted to time-domain using a DFT synthesis filter bank and an estimate of
the clean speech ŝ(k) is obtained.
After describing the considered system, spectral subtraction and LRSV estimation will be
explained in the following sections. Fundamentals of spectral subtraction can be found in
[1].

3.1 Spectral Subtraction

Spectral subtraction is a basic speech enhancement tool based on subtraction of the noise
floor from an estimate of the noisy signal spectrum [1]. Since the speech signal are station-
ary only for short time periods, spectral subtraction is performed using short-term spectral
coefficients of the noisy speech. In the considered system, the effect of reverberation is
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Figure 3.1: Block Diagram of the System

also considered. The generalized spectral subtraction rule for spectral gain calculation is

Wi(λ) = 1− 1√
γ̂(i, λ)

(3.1)

where i is the channel index and λ is the subsampled time index. γ̂(i, λ) refers to the
estimate of a posteriori signal-to-interference ratio (SIR). This formula is general in the
sense that it can be used for different scenarios. In this concept, interference implies both
noise and reverberation. The A posteriori SIR can be written as

γ(i, λ) = |X(i, λ)|2

σ2
zl

(i, λ) + σ2
v(i, λ) (3.2)

X(i, λ) is the short-term spectral coefficient of the noisy and reverberant speech obtained
by using a DFT analysis filter bank. σ2

zl
(i, λ) and σ2

v(i, λ) are spectral variances of the late
reverberant speech and the background noise respectively. A well-known problem of spec-
tral subtraction is musical noise. This phenomenon is observed due to the estimation errors
in frequency domain causing some artificial peaks in the spectrum of the enhanced speech
[1]. The effects of musical noise can be reduced by using a decision-directed approach[26].

ξ̂(i, λ) = η · |Ẑe(i, λ− 1)|2

σ̂zl
2(i, λ− 1) + σ̂v

2(i, λ− 1)
+ (1− η) ·max{γ̂(i, λ)− 1, 0} (3.3)

where Ze(i, λ) is the short-term spectral coefficient of the desired speech and η is a smooth-
ing factor. Finally, a lower limit for spectral gains or a priori SIR should be set in order to
reach a compromise between speech distortions and interference suppression. Calculation
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of a priori SIR requires estimates of spectral variances of the late reverberant speech and
noise. The spectral variance of the noise can be estimated using minimum statistics [10].
Next section is devoted to late reverberant spectral variance (LRSV) estimation which is
an important task in speech dereverberation.

3.2 Late Reverberant Spectral Variance Estimation

Late reverberation, which is due to late reflections arriving after 100ms, is the main reason
for disturbing effects of reverberation such as coloration and echo. An illustration of late
reverberation component is given in Figure 1.1. A model-based estimation developed by
Lebart et al. [9] is used in the current system. It is a rather simple approach based on the
statistical model of the RIR. A novel approach based on the long term correlation [11] in the
frequency domain is another alternative which can be used to save some computation as it
does not require blind RT estimation. Advantages and disadvantages of these approaches
are also discussed.

3.2.1 Model-based Approach

According to the reverberant speech model in (1.3), a reverberant speech can be written in
terms of the direct sound, early reverberation and late reverberation. However, in reality
these components cannot be obtained seperately. In [9] and [27], the relation between the
spectral variance of the reverberant speech and the late reverberant speech is given as

σ2
zl

(i, λ) = e−2v(i,λ)Tl · σ2
z(i, λ−Nl) (3.4)

where v(i, λ) represents the frequency dependent decay rate. Tl is the time instant which
separates early and late reflections. Nl is the number of frames corresponding to the time
duration of Tl. It can be calculated as Nl = Tlfs

R where R refers to the frame shift. The
spectral variance of the reverberant speech σ̂2

z(i, λ) can be obtained using the recursive
formula

σ̂2
z(i, λ) = κ · σ̂2

z(i, λ− 1) + (1− κ) · |Ẑ(i, λ)|2 (3.5)

where Z(i, λ) is the short-term spectral coefficient of the reverberant speech and κ is a
smoothing factor.
It can be seen that in order to obtain a LRSV estimate, the decay rate must be known. As
mentioned before, the frequency dependency of the decay rate is neglected. Using (2.13),
the decay rate can be related to the RT and the value obtained from the RT estimator is
used to find the LRSV estimate.
RT estimation is necessary for the model-based LRSV estimator. As RT estimation is a
demanding task, an alternative method which does not require RT estimation is proposed
in [11].

3.2.2 Correlation-based Approach

The main idea of correlation-based estimation is to exploit the long-lasting correlation in
reverberant speech compared to clean speech. The contribution of reverberation to the
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current frame is estimated from previously enhanced frames and suppressed using a variant
of spectral subtraction. This approach models noisy and reverberant speech similarly to
(1.1) and (1.2) in which a clean speech is convolved with a RIR and disturbed by additive
noise. Furthermore, (1.3) can be written in frequency domain as

Z(i, λ) = Ze(i, λ) + Zl(i, λ) (3.6)

=
Le−1∑
l=0

h(l)S(i, λ− l) +
∞∑
l=Le

h(l)S(i, λ− l) (3.7)

S(i, λ − l) are the short-time spectral coefficients of the clean speech frame starting at
sample index λ− l. An illustration of the autocorrelation functions of spectral coefficients
for clean speech and reverberant speech with different RTs is provided in [11]. From
these figures, it is possible to observe that the autocorrelation value decreases more slowly
with an increasing RT. In other words, higher correlation is observed for equal time lags
when the RT is higher. LRSV estimation is performed using the spectral coefficients of
previously enhanced speech Ẑe(i, λ) and frequency dependent prediction coefficients cj(i).

Ẑl(i, λ) =
√
B

J∑
j=0

ĉ(i)Ẑe(i, λ−∆− jP ) (3.8)

where B is a bias factor to compansate the bias due to subsampling. It is calculated using
the formula B = P/

∑+∞
l=−∞ |ρ(l)|2 where ρ(l) is the correlation coefficient with a time lag

of l samples. ∆ is the necessary frame shift for skipping the early reverberation. J should
be large enough so that the estimation is performed using the previously enhanced speech
covering the time span equal to RT. P can be considered as the number of frame shifts
at each element of summation. Ẑl(i, λ) is calculated for each frame shift and the obtained
value is used to calculate the LRSV estimate using the formula

σ̂2
zl

(i, λ) = η · σ̂2
zl

(i, λ−R) + (1− η) · |Ẑl(i, λ)|2 (3.9)

Prediction coefficients play a crucial role as they are updated continuously to indicate
the contribution of reverberant energy to the recent frame spectrum. They are estimated
using the DFT coefficients of reverberant speech Ẑ(i, λ) and previously enhanced speech
Ẑe(i, λ − ∆ − jP ). The details of the estimation procedure can be found in [11]. One
important remark on prediction coefficients is that their variance can cause overestimations
for the LRSV estimate σ̂2

zl
(i, λ) leading to distortions due to excessive suppression[11]. As a

solution, the author proposed to consider the terms in (3.8) only when ĉ(i) are satistically
significant, i.e. when the current value of |ĉj(i)| is 2.6 times larger than the standard
deviation of ĉj(i) in clean speech. In the reference code, this value is called significance
factor. The effect of the significance factor will be investigated in the next section as the
performance of the estimator directly depends on this constraint.

3.2.3 Discussion

Some observations about the performance of two LRSV estimators will be discussed in
this section. The main motivation for investigating the correlation-based approach is that
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Room Impulse Response Model-based Est.(dB) Correlation-based Est.(dB)
Meeting Room (RT=0.31s, d=1.90m) 6.0126 11.8939
Office Room (RT=0.64s, d=3.00m) 6.3984 5.0273
Lecture Room (RT=0.85s, d=5.56m) 6.1754 3.9907

Table 3.1: LSD performance of model-based and correlation-based LRSV estimators

it does not require an RT estimation. This property can be useful for reducing computa-
tional efforts to estimate the LRSV. First experiment aims at investigating the estimation
performance of this novel approach with respect to RT. Results are also compared with
the model-based estimation.
In the provided simulation results, real RIRs are used. In order to alleviate the effect
of source-microphone distance, RIRs with large source-microphone distances are chosen
from the database. The time limit between early and late reverberation Tl is chosen to
be 80ms. Log spectral distortion (LSD) is used as a quality measure which is defined as
follows [4]

LSD = 2
KL

K
2 −1∑
i=0

∑
λ

|L{σzl
(i, λ)} − L{σ̂zl

(i, λ)}| (3.10)

where K is the frame length and L is the number of frames. L is defined to be L{σ(i, λ)} =
max(10 log10 σ, δ) and δ = maxi,λ(10 log10(σ)) − 50. The actual RT value is used during
the simulations in the model-based approach. For three different rooms (RT = 0.31s,
0.64s, 0.85s), LSD values are given in Table 3.1. For the room with a RT of 0.31s,
model-based approach exhibits better performance due to the severe overestimations in
correlation-based approach. For the second room, both estimators yield comparable results
but correlation-based estimation is slightly better. LRSV estimation for higher RTs can
be done more accurately using the correlation-based approach. These results are used to
get an intial idea about the performance of the estimators.
Afterwards, estimates for different frequency channels are compared with the actual LRSV.
For each frequency channel, the mean LRSV value is used as an indicator of the late
reverberation energy content of the channel. Figure 3.2 shows the mean LRSV value of
each frequency bin for each RIR. From this figure, it can be said that most of the late
reverberation energy lies only in a few channels. In Figures 3.3, 3.4, and 3.5, the estimates
obtained for the first three channels with highest mean are illustrated for the RIRs with
different RTs. The plots are obtained using (3.4) and (3.5) for model-based estimation and
(3.9) for correlation-based estimation. It is interesting to note that the correlation-based
estimate stays at zero in some time intervals. This estimation error is related with the
constraint mentioned in Section 3.2.2 in order to prevent overestimations. All these plots
are obtained for a significance factor set to 2.6. Due to the high value of the significance
factor, the estimate cannot follow the actual LRSV. Furthermore, the initialization of the
algorithm takes a longer time. For lower RTs, this constraint works properly to a certain
extent. However, this factor can be slightly decreased in order to improve the estimate
for higher RTs. Figure 3.6 illustrates how correlation-based estimates are improved when
significance factor is 2.0. This improvement can be shown also comparing the LSD values,
3.9907 and 3.8883 respectively.
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Figure 3.2: Mean LRSV values for each frequency channel
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Figure 3.3: Comparison of model-based and correlation-based LRSV estimators in the meet-
ing room(RT=0.31s, Sig. Fac.=2.6)
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Figure 3.4: Comparison of model-based and correlation-based LRSV estimators in the office
room(RT=0.64s, Sig. Fac.=2.6)
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Figure 3.5: Comparison of model-based and correlation-based LRSV estimators in the lecture
room(RT=0.85s, Sig. Fac.=2.6)
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Figure 3.6: Comparison of model-based and correlation-based LRSV estimators in the lecture
room(RT=0.85s, Sig. Fac.=2.0)
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Finally, effect of RT estimation accuracy on model-based LRSV estimation is observed.
With this experiment, the requirement on the accuracy of the RT estimator can be found
out. For this purpose, LSD values of model-based estimates with different RT values are
calculated. The first important result of this experiment is that the model-based approach
does not necessarily give the best estimate at correct RT. This deviation increases as RT
increases. For the meeting room (RT=0.31s), the LRSV estimate is highly affected by RT
estimation error and acceptable estimates are obtained between RT = 0.3s - 0.4s. For the
office room (RT=0.64s), the LRSV estimate is more robust to RT estimation error and
acceptable estimates are obtained between RT = 0.7s - 0.9s. Finally, the LRSV estimate for
the lecture room (RT=0.85s) is the most robust one with acceptable estimates in between
RT = 0.9s - 1.2s. These findings are illustrated in Figure 3.7. From this experiment, it can
be stated that lower RTs should be estimated more accurately compared to higher RTs to
obtain an acceptable LRSV estimate. Besides, the deviation should also be considered in
order to decrease the estimation error.
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Figure 3.7: Performance of model-based LRSV estimation with respect to reverberation time
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Chapter 4

Evaluation

The evaluation of the proposed blind RT estimator can be found in this chapter. The
proposed RT estimator is tested with a real speech signal reverberated with four different
impulse responses from the Aachen Impulse Response database belonging to a studio
booth, a meeting room, an office room and a lecture room. These RIRs have RTs of 0.20s,
0.31s, 0.64s and 0.85s respectively. All details corresponding to these RIRs can be found
in [15].

4.1 ML Estimation with Preselection

All features of ML estimation with preselection algorithm is compared with the current
approach. A reverberant speech signal of 340 seconds is used in the simulations. The
parameters used in both methods are given in Table 4.1.

Parameters Continuous ML Est. ML Est. with Preselection
Frame length for offset detection - 640

Buffer length 2100 1920-2560-3200-3840
Frame shift 200 128

Maximum RT 1.1 1.5
Downsampling Rate 1 5

Global estimate buffer size 540 800
Local estimate buffer size - 30

Histogram Width 110ms 50ms
Initial RT estimate 0.3s 0.3s
Smoothing Factor1 0.995 0.995
Smoothing Factor2 - 0.15

Table 4.1: Parameters of current and proposed RT estimators
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Room Impulse Response Continuous ML Est. ML Est. with Preselection
Studio Booth 19357 3336
Meeting Room 20404 3635
Office Room 22189 1520
Lecture Room 21966 1262

Table 4.2: Number of performed ML estimations during the simulations

4.1.1 Comparison with Current Approach for Time-invariant RIRs

The overall performance analysis has been made with the current and proposed techniques
using time-invariant RIRs. Estimated RT over time plots are given in Figure 4.1. The
new estimator generally outputs more flat and accurate curves over time which is a desired
property in model-based LRSV estimation. The current approach cannot estimate RT
values below 0.4s since the constant buffer length is too large to estimate shorter RTs.
Numbers of performed ML estimations during the simulations are given in Table 4.2. In
any case, the proposed method performs significantly less ML estimation. It should be
noted that ML estimation in the new estimator is performed using downsampled speech
segments.

4.1.2 Comparison with Current Approach for Time-varying RIRs

Another interesting comparison can be made for the case of time-varying RIRs, i.e. rever-
beration time changes in the middle of the reverberant speech. In these simulations, the
main aim is to illustrate the fast response ability of the new estimator. Using the RIRs
mentioned above, eight combinations are tested during the simulations. These combina-
tions are divided into two groups. In the first group depicted in Figure 4.2, the RT value
increases in the middle of the reverberant speech. A general improvement can clearly be
seen compared to the current approach. Adaptive smoothing makes it possible to jump
as soon as a change in RT larger than 0.15s is detected. As a result, convergence time is
significantly reduced for the new estimator. Performance curves for the second group, for
which the RT decreases in the middle of the reverberant speech, are shown in Figure 4.3.
In this case, the response time of the new approach is larger especially for the lecture
room compared to the previous figure. This can be explained by the clear distinction be-
tween decay coefficients for high RTs and low RTs. As a result of this difference in decay
coefficients, algorithm cannot estimate low RTs accurately when the decay coefficients of
high RTs have been used. Severe overestimations should be expected. At this point, it is
remarkable to say that the difference in decay coefficients provides estimation accuracy. A
balance between accuracy and response time can be found by modifying the decay coeffi-
cients. Similarly, numbers of performed ML estimations during the simulations are given
in table 4.3.
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Figure 4.1: Estimated RT over time curves for different rooms
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Figure 4.2: Estimated RT over time curves for combinations with increasing RT
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Figure 4.3: Estimated RT over time curves for combinations with decreasing RT
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Room Impulse Response Continuous ML Est. ML Est. with Preselection
Studio Booth - Office Room 20885 2613
Studio Booth - Lecture Room 20894 2435
Meeting Room - Office Room 21482 2724
Meeting Room - Lecture Room 21489 2586
Office Room - Studio Booth 20574 2470
Office Room - Meeting Room 21069 2617
Lecture Room - Studio Booth 20246 2195
Lecture Room - Meeting Room 20787 2339

Table 4.3: Number of performed ML estimations during the simulations

4.1.3 Comparison with Current Approach in Noisy Scenarios

The final evaluation considers noisy scenarios with moderate noise levels. Segments from
noisy and reverberant signals used in simulations are illustrated in Figure 4.4. Since noise
fills the gaps between the peaks, a high noise floor is observed at the tails of speech
offsets. This has a negative effect on ML estimation since modeling the speech offsets
as exponential decays becomes less realistic. Firstly, the new algorithm is tested using
time-invariant RIRs and the results are shown in Figure 4.5. From these plots, it can
be said that noise mainly leads to overestimations. This effect of noise on accuracy can
be explained by the rising decay tail due to the noise floor. In the time-varying RIR
case, another important effect of noise comes into consideration. Since the sound offsets
are distorted with noise, the number of segments detected as speech offsets decreases.
Therefore, the algorithm responds more slowly and less accurately as it can be seen in
Figure 4.6.
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Figure 4.4: Illustration of noisy and reverberant signals
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Figure 4.5: Estimated RT over time curves for time-invariant RIRs
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Figure 4.6: Estimated RT over time curves for time-varying RIRs
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Chapter 5

Conclusions

The main goal of this thesis has been to improve a noise reduction and speech dereverber-
ation system with regard to computational efficiency and accuracy. Reverberation time
estimation which requires high computational load is necessary for dereverberation. Con-
sidering the shortcomings of the current RT estimator, an efficient maximum likelihood
based blind RT estimator is introduced. The modified technique tries to detect the speech
offsets and performs RT estimation only for these segments. By this way, the computa-
tional load due to the ML estimation is significantly reduced. Furthermore, the length of
the segment used for the ML estimation is selected depending on the length of the detected
speech offset. By this way, the estimation accuracy is improved and the range of RTs that
can be estimated is extended. The detected speech offset can be downsampled up to 5
times prior to the ML estimation which results in a dramatic decrease in samples that are
processed. Finally, the algorithm is modified so that it can respond to sudden changes in
the RT by observing the current ML estimates continuously.
Secondly, the importance of the variance of the late reverberant speech has been discussed
in this report. A precise estimation of this quantity is quite important for speech qual-
ity. Two LRSV estimation techniques have been investigated. A novel LRSV estimator
based on long-term correlation in spectral coefficients has been compared with the consid-
ered approach based on a statistical model for the RIR. The estimation accuracy of the
correlation-based estimation has been improved for the channels containing high LRSV.
Besides, the acceptable RT estimation error bound for model-based LRSV estimation
has been investigated. The results have shown that accuracy of the model-based LRSV
estimate is more sensitive to RT estimation error for lower RTs.

5.1 Future Work and Possible Extensions

The most prominent shortcomings of the proposed RT estimator is that the maximal RT
value that can be estimated is limited to 0.9s. This limitation comes from the difficulty
of estimating longer RTs from short decays using ML estimation. A precise estimation
of longer RTs can be done by using longer decays before silent intervals. Selection of the
proper buffer length is still quite challenging. Another problematic aspect is the robustness
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of the algorithm in time-varying RIR scenarios. In most cases, the algorithm quickly adapts
itself to RT changes larger than ±0.3s. However, there are still some problematic cases
due to the waveform of the speech signal at transition periods. A more robust way of
detecting RT changes is of interest with less delay and higher accuracy.
Regarding the performance in noisy scenarios, it should be considered that the presented
blind RT estimator uses the log likelihood function derived for noiseless cases. Using the
generalized ML estimation discussed in [22], the performance of the algorithm in noisy
environments can be further improved. Finally, some computations could be saved by
expressing the ML algorithm itself in a way that would require less computation for each
estimation.
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Appendix A

Estimation of Model Parameters
using ML Approach

Starting from the obtained LLF function in Section 2.1.2, the best estimates of model
parameters a and σ will be derived. Firstly, the partial derivatives of (2.10) with respect
to a and σ are taken and set to zero.

∂Ł
∂a

= 0 ∂Ł
∂σ

= 0 (A.1)

These derivations are evaluated in order to find the most probable values. The first
derivation simplifies to

∂Ł(~y; a, σ)
∂a

= −(N − 1)N
2

∂lna

∂a
− 1

2σ2

N−1∑
n=0

∂a−2n

∂a
y2(n)

= −(N − 1)N
2a + 1

2σ2

N−1∑
n=0

2na−2n−1y2(n)

= −(N − 1)N
2a + 1

σ2

N−1∑
n=0

na−2n−1y2(n) (A.2)

The best estimate of a is obtained when

−(N − 1)N
2a + 1

σ2

N−1∑
n=0

na−2n−1y2(n) = 0 (A.3)
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is solved. However, (A.3) cannot be solved analytically. An iterative solution was presented
in [19]. The second derivation is simplied in a similar manner.

∂Ł(~y; a, σ)
∂σ

= −N
2

∂(ln(2πσ2))
∂σ

− ∂(2σ2)−1

∂σ

N−1∑
n=0

a−2ny2(n)

= −N
σ

+ 1
σ3

N−1∑
n=0

a−2ny2(n)

= −N
σ

+ 1
σ3

N−1∑
n=0

a−2ny2(n) (A.4)

To obtain the best estimate of σ, (A.4) is set to zero and solved.

N

σ
+ 1
σ3

N−1∑
n=0

a−2ny2(n) = 0 (A.5)

Finally, the best estimate of σ2 can be calculated using

σ2 = 1
N

N−1∑
n=0

a−2ny2(n) (A.6)
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