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Abstract 

 

This thesis concentrates on the improving the recognition rate under rever-

beration conditions. The reverberation time is a very important parameter for 

describing the acoustic behavior in a room. To develop an algorithm to adapt 

the recognition under reverberation conditions the reverberation time has to 

be estimated. With the estimated reverberation time T60, the energy decaying 

of the acoustic excitation can be approximated. With the estimated T60 

an adaptation algorithm can be developed to adapt the influence of the 

reverberation in a recognition system. 

 Considering the real energy decaying shape in a room the original adap-

tation algorithm has to be modified to emulate the real decaying. A pa-

rameter A (Capital Alpha) has been used to realize the improvement.  

By the feature extraction, the speech signal has been filtered roughly by 

24 sub-frequency band in this work. The reverberation time is actually 

frequency dependence. The adaptation with one T60 for all range of fre-

quency could lead to inaccuracy. For each sub-frequency band a parame-

ter of T60 is estimated. Thereby the recognition rate can be further im-

proved. And the frequency dependence of T60 is studied in this work 

 

Key Word: reverberation time, T60, frequency dependence 

 

 

 

 



 

Zusammenfassung 

 

Ein wichtiger Anteil bei der Verbesserung der automatischen Spracherken-

nung bei einer Spracheingabe im Freisprechmodus in Räumen ist die Ab-

schätzung der Nachhallzeit T60 von dem Raum. Mit T60 könnte die Energie 

Abklingung der akustischen Anregung mit einer annähenden Funktion darge-

stellt werden. Und damit können Adaptationsalgorithmus können mit der ge-

schätzten Nachhallzeit T60 entwickelt werden.  

Um die Energie Abklingung genauer zu simulieren, ein Energieverteilungspa-

rameter ist verwendet bei der Änderung der Adaptationsalgorithmus. Und 

zwar die Frequenzabhängigkeit der Nachhallzeit ist berücksichtigt. Ein ver-

bessert Adaptationsalgorithmus ist damit angefertigt. 

 

Schlüsselwort: Nachhallzeit, T60, Adaptationsalgorithmus, Frequenzabhän-

gigkeit 
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1 Introduction 

 

This thesis is part of the Master of Engineering program at the HSNR (Hochschule Nied-

errhein in Krefeld, Germany). The topic of this thesis is about improving an automatic 

speech recognition system in a room. The room reverberation could affect the rate of the 

recognition. Therefore, in practice, automatic speech recognition (ASR) systems have to 

deal with noise and room reverberation. Since the acoustic reference models of these Sys-

tems are commonly trained on clean signal, i.e. noise-free and echo-free speech, they don’t 

perform well in operation because of the mismatch between the training and operating 

conditions. In this work, we are primarily concerned about the mismatch due to room re-

verberation.  

 

1.1 Problem Description 

 

To improve recognition rate under adverse acoustic environments is one of the major top-

ics in the corresponding research. The existing approaches to improve recognition per-

formance can be roughly divided into two classes: determining robust acoustic features as 

part of the front-end processing and modifying the pattern recognition process, e.g., by 

adapting the parameters of the reference patterns [Hirsch, 2008]. The new approach for 

adapting the parameters of HMMs (Hidden Markov Models) in the case of a hands-free 

input will be used in this work. 

To simulate the adverse acoustic condition of room reverberation, a set of room impulse 

responses in a room will be generated.  Then the room impulse responses and clean sound 

will be artificially combined together by the convolution calculation to generate the noisy 

signal with the help of a set of scripts.  

At first, the noisy data will be operated in the recognition system without adapting proce-

dures. Then the data will be operated with adaptation. Consequently, the effect of the 

adapting approach will be shown.  
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Recognition rate can be improved by modifying the estimated values of important parame-

ters of the adapting approach. A significant value of room reverberation is reverberation 

time T60, which is defined as the time for the sound energy to die away to a level 60 dB 

below its original level. The reverberation time T60 is frequency-dependent. The frequency 

dependence of reverberation time will be studied. The adapting procedures based of rever-

beration time for each frequency band in recognition system will be used to improve t rec-

ognition rate. 

 

1.2 Tools 

 

The experiments performed in this work used tools of the HTK toolkit (Hidden Markov 

Model Toolkit) [Young, 2002]. HTK is designed for building HMMs (Hidden Markov 

Models) and optimized for building speech processing tools. The Scripts to process train-

ing and recognition automatics were written in the Matlab programming language. The 

adaptation routines were also written in Matlab. Some of the scripts, e.g. to generate the 

noisy data, used Linux-Shell programs.  

The Hidden Markov Model Toolkit (HTK) is a portable toolkit for building and manipulat-

ing Hidden Markov Models. It is primarily used for research in speech recognition. The 

performance of a speech recognition experiment contains three steps: feature extraction, 

training of acoustical models, and recognition, which will be discussed in the next chapter. 
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2 Robust Speech Recognition System 

 

Speech recognition is the technology that makes it possible for a computer to identify the 

contents of human speech. The process can be said to begin with a spoken utterance being 

captured by a microphone, and to end with the recognized words being out by the system 

[Englund, 2004]. 

The first speech recognizer appeared in 1952 and consisted of a device for the recognition 

of single spoken digits. Another early device is the IBM Shoebox. The principal structure 

of a speech recognition system is shown in Fig.1. 

 

 
 

Figure 1: Structure of speech recognition system [Hirsch, 2008] 

 

The speech signal is first analyzed by feature extraction also called front-end processing, 

which is made of the short-time spectral analysis. After the extraction, a set of acoustic 

features will be created. A processing schema will be discussed later, which has been stan-

dardized by ETSI as front-end technique [ETSI, 2003a]. 

The acoustic features will be built into vectors. The feature vectors are used to estimate the 

parameters of the reference patterns. Nowadays Hidden Markov Models (HMMs) are used 

most often as reference patterns. A reference pattern can model a whole word or a single 

phoneme. During recognition, the sequence of feature vectors is compared with the refer-

ence patterns. The maximum likelihood will be calculated as recognition result.  

As shown in Figure 1, a typical speech recognition system contains three main parts, e.g., 

feature extraction, training and pattern recognition. 
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2.1 Feature Extraction 

 

The speech signal recorded by microphone is normally analog. It has to be converted to 

digital signal in order to be processed by a digital processor. So the first step of the extrac-

tion is the A/D converting.  Then the converted digital signal is filtered through a high 

pass filter at a very low cut-off frequency to remove the DC offset that might have been 

introduced by the A/D converter.  

After the A/D conversion and offset compensation, the digital speech signal is analyzed 

for the extraction of the speech features. Because the original speech signal contains much 

irrelevant information, this procedure is very important for the recognition. For speech 

recognition, the most commonly used acoustic feature is Mel-scale Frequency Cepstral 

Coefficients (MFCCs). MFCCs take human perception sensitivity with respect to frequen-

cies into consideration, and therefore are best for speech recognition.  

The procedure of feature extraction has been standardized by ETSI [ETSI, 2003a]. The 

block diagram of feature extraction is shown in Figure 2. 

 

Abbreviations: 
 
VAD:  Voice Activity Detection 
FFT:    fast Fourier transform 
DCT:   discrete cosine transform 
MFCC: mel-frequency cepstral coefficient 
 

Figure 2: Block diagram of the feature extraction 
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VAD 

The goal of VAD is to identify the important part of an audio segment for further process-

ing. Not all the audio data is a useful speech signal, it may contain background silence or 

noise. The VAD is aimed to distinguish voice from silence or noise. There are two types of 

VAD errors as follows, which cause different effects in speech recognition,  

 False Rejection: Speech frames are erroneously identified as silence/noise, 

leading to decreased recognition rate 

 False Acceptance: Silence/noise frames are erroneously identified as speech 

frames, which will not cause too much trouble if the recognizer can take short 

leading/training silence into consideration 

The validation of VAD can use time-domain methods or frequency-domain methods. Al-

though VAD is not an absolutely necessary step for a recognition system, it can improve 

the accuracy of recognition rate truly. So a lot of the recognition system begins with VAD. 

 

Pre-emphasis 

The goal of pre-emphasis is to compensate the high-frequency part that was suppressed 

during the sound production mechanism of humans. Considering the spectrum of a speech 

signal, it has high amplitude at low frequency range, and low amplitude at high frequency 

range. For speech recognition, the speech signals at all frequency range have the same sig-

nificance, so the high amplitude at low frequency range is modified by a high-pass filter as 

the mathematical description 

 2( ) ( ) * ( 1)s n s n a a n= - -  (2.1) 

 

where 2( )s n  is the output signal and the value of a  is usually between 0.9 and 1.0. The z-

transform of the filter is  

 1( ) 1 *H z a z-= -  (2.2) 

 

Usually the filter is chosen as first order. 
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Framing 

The speech signal is non-stationary. It is very difficult to catch characteristics of the whole 

signal. So the short-time analysis is used in the speech analysis. According to this theory, 

the whole speech signal is segmented into a set of small pieces, i.e., Frames. These small 

pieces of signal can considered as stationary, so that it is easier to analyze by the DSP (short 

for digital signal processing) method. The input speech signal is segmented into frames of 

20 ~ 30 ms with optional overlap of 1/3 ~ 1/2 of the frame size.  

 

Hamming Windowing 

Each frame has to be multiplied with a hamming window in order to keep continuity of the 

first and the last points in the frame. The reason will be discussed in the next step. If the 

signal in a frame is denoted by ( ), 0,1, , 1s Nn n = - , then the signal after Hamming win-

dowing is ( ) * ( )s n w n , where ( )w n  is the Hamming window defined by 

 ( , ) (1 ) cos(2 ) 1/ ( 1) , 0w n a a a n N n Np= - - - £ £ -  (2.3) 

In practice, the value of parameter a  is always set to 0.46. 

 

Fast Fourier Transform 

The speech signal is not strict periodic, but if we concern the signal in a short time range, it 

can be seen as quasi-periodic. Theoretically, for quasi-periodic audio signals, we can use the 

waveform within a fundamental period to analyze. However, it is difficult to analyze the 

waveform within a fundamental period directly. Instead, we usually use the Fast Fourier 

Transform (FFT) to transform the time-domain waveform into frequency-domain spec-

trum for further analysis.  

A fast Fourier transform is an efficient algorithm to compute the discrete Fourier trans-

form and its inverse. The result of FFT is a set of complex-numbers. With these complex-

numbers the amplitude spectrum and the phase spectrum can be determined.  

 

For speech signal analysis only the amplitude spectrum is useful. The amplitude spectrum 

in the frequency domain simply represents the intensity of the waveform at each frequency 

band. 
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When performing FFT on a frame, it is assumed that the signal within a frame is periodic 

but continuous when wrapping around. If this is not the case, it can still perform FFT but 

non-continuity at the frame’s first and last point is likely to introduce undesirable effects in 

frequency response. To deal with this problem, each frame is multiplied by a Hamming 

window to increase its continuity at the first and last points. This can explain why window-

ing mentioned in previous subhead paragraph has to be performed. 

 

Mel-Spectrum 

In order to build the Mel-spectrum, the Mel-frequency is introduced at first. Mel-frequency 

is proportional to the logarithm of the linear frequency, reflecting similar effects in human’s 

subjective aural perception. Figure 3 shows the relationship between the Mel and the linear 

frequencies.  

 

 
 

Figure 3: Relationship between the Mel and the linear frequencies 

 

The Mel frequency is related to the common linear frequency f  by the following equation: 

 10{ } 2595 log 1
700

Mel f
fæ ö÷ç= ´ + ÷ç ÷÷çè ø

 (2.4) 

In the operation, the magnitude frequency response is multiplied by a set of triangular 

band-pass filters to get the log energy of each triangular band-pass filter. The number of 

the filters is normally ranged from 16 to 24. These filters build so-called Mel-filter-bank. It 

is shown in figure 4. In this work 24 filters are used.  
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Figure 4: distribute of the Mel-filter-bank 

 

The positions of these filters are equally spaced along the Mel frequency. The reasons for 

using triangular band-pass filters are to smooth the magnitude spectrum and to reduce the 

size of the features involved.  

 

Discrete Cosine Transform 

The data produced by previous procedures are strongly correlated. DCT can remove the 

correlation. In this step, DCT (short for discrete cosine transform) is applied to the 24 log 

energy jE  obtained from the triangular band-pass filters to have L Mel-Scale cepstral coef-

ficients. The formula for DCT is shown in bellow. 

 
1

cos ( 0.5) ,0j
j

N

i
i

LE
N

C j i
p

=

æ ö´ ÷ç= ´ - £ £÷ç ÷÷çè øå  (2.5) 

Where N the number of triangular band-pass filters; and L is is the number of Mel-scale 

cepstral coefficients. In this work 24N =  and 12L = . The obtained features are similar to 

spectrum, thus it is referred to as the Mel-scale cepstral coefficients, or MFCCs. MFCCs 

alone can be used as the feature for speech recognition. For better performance, we can 

add the log energy and perform delta operation, as explained in the next two steps. 
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Log energy 

The energy within a frame is also an important feature that can be easily obtained. Hence 

we usually use the log energy as the 13th feature parameter of a speech signal. The Log 

energy is calculated as 

 2

1

log ln ( )
N

i

E ts
-

æ ö÷ç ÷ç= ÷ç ÷ç ÷çè ø
å  (2.6) 

In practice, the feature of a speech signal is described by 12 MFCCs and log energy of the 

speech frame.  

 

Delta Cepstrum 

It is also advantageous to have the time derivatives of MFCCs as new features, which 

shows the velocity and acceleration of MFCCs. The equations to compute these features 

are 

 
1

.
2

1

[ ( ) ( )]

( ) , 0

2

N

i i
j

i cepN

j

j C k j C k j

C k i N

j

D

D

=

=

+ - -

D = £ £
å

å
 (2.7) 

If the velocity is added, the feature dimension is 26. If both the velocity and the accelera-

tion are added, the feature dimension is 39. Most of the speech recognition systems on PC 

use these 39-dimension features for recognition. If an adaptation is used in recognition, the 

number of features can be even more.  

After these steps, feature extraction of speech signal has been finished. As a matter of fact, 

feature extraction parameterizes sampled speech signal. The goal is to extract a number of 

features from the speech signal that has maximum information relevant for the following 

operation, e.g. training or recognition. 
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2.2 Hidden Markov Models 

For training an acoustic model have to be chosen for the description of the utterance in the 

speech signal. Most speech recognition systems are based on modeling speech segments as 

Hidden Markov Models (HMMs).  

A Hidden Markov model (HMM) is a statistical model in which the system being modeled 

is assumed to be a Markov process with unobserved state. In another word, HMM is a 

finite set of states, each of which is associated with a probability distribution. Transitions 

among the states are governed by a set of probabilities called transition probabilities. In a 

particular state an outcome or observation can be generated, according to the associated 

probability distribution. It is only the outcome, not the state visible to an external observer 

and therefore states are “Hidden” to the outside. 

In order to define an HMM completely, following elements are needed: 

 The number of states of the model, N. 

 The number of observation symbols in the alphabet. M. If the observations are con-

tinuous then M is infinite.  

 A set of state transition probabilities { }ijaL = . 

 for 1{ | }, 1 , ,ij t ta p q j i jq i N+= = = £ £  (2.8) 

where tq denotes current state. 

Transition probabilities should satisfy the normal stochastic constraints, 

 for and 0, 1 ,ija i j N³ £ £   

and   

for 
1

1, 1
N

ij
j

ia N
=

£= £å  
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 The initial state distribution, { }ip p=  

where 

 { },1i tp q i i Np = = £ £  (2.9) 

 A probability distribution of each  state, { ( )}jB b k=  

 ( ) { | },1 ,1j t k t jb k p o v Nj Mq k= = = £ £ £ £  (2.10) 

where kv denotes the thk observation symbol in the alphabet; and to is current parameter 

vector. 

If the observations are continuous, we toned to use a continuous probability density func-

tion, instead of a set of discrete probabilities. In this case we specify the parameters of the 

probability density function. Usually the probability density is approximated by a weighted 

sum of M Gaussian distributionsÀ , 

 
1

( )
M

j t jm jm
m

b o c
=

À= å  (2.11) 

Where jmc is weighting coefficients and should satisfy the stochastic constrains, 

 for and 0, 1 , 1jm j N Mc m³ £ £ £ £   

and   

 for 
1

1, 1
M

jm
m

jc N
=

£= £å  

 
 

Therefore we can use the following compact notation to denote an HMM with continuous 

densities. 

 

 ( , , , )Bl p= L À  (2.12) 
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2.3 The principal cases of HMM 

Three main cases are dealt with to formulate a successful HMM [referenced with the paper 

of Abdulla, 1999]. There are: 

Case 1: Evaluation 

Given: 

 a model ( , , , )Bl p= L À ready to be used. 

 testing observation sequenceo . 

Action: 

 compute ( / )p o l ; the probability of the observation sequence given the model. 

Case2: Decoding 

Given: 

 a model ( , , , )Bl p= L À  ready to be used. 

 testing or training observation sequenceo . 

Action: 

 track the optimum state sequence Q  that most likely produce the given observations, 

using the given model. 

Case 3: Training  

Given: 

 a model ( , , , )Bl p= L À  ready to be used. 

 training observation sequence kO , where k is the number of example for training the 

model. 

Action: 

 turn the model parameters to maximum ( / )p o l . 
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Case 1 is the evaluation procedure as we are seeking to find the probability of producing 

given observation O  by a given modell . This could be used to find out the best model 

among many which produces the given observation. In practice, it can be solved by For-

ward and Viterbi-algorithm 

Case 2 is the decoding procedure to detect or unhide the state sequence of a given obser-

vation. The observations could be training examples if we want to study the behavior of 

each state from different aspects, such as states’ duration or spectral characteristics of each 

state. Some techniques utilize the state duration in their evaluation procedure and in this 

case the observation will be the best example to detect the states’ duration. In practice, it 

can be solved by Viterbi-algorithm 

Case 3 is the training procedure to optimize the model parameters to obtain the best 

model that present certain set of observations belonging to one spoken entity. In practice, 

it is solved by Forward-Backward algorithm. 

In recognition the Viterbi-algorithms is very important.  It is used to find the most likely 

state sequence for a given sequence of observations O  and a model ( , , , )Bl p= L À . 

 

2.4 HMM in Speech Recognition 

In speech recognition system, HMMs are used to represent speech as a sequence of sym-

bols. In another word, HMMs are used to model some unit of speech (phoneme, word). 

In figure 5, A HMM consists of a chain of states as shown for word “good”. The whole 

word is separated into 3 sub-words. Each sub-word is modeled by a HMM, then these 

units are concatenated into a lager unit, i.e., a word.  
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Figure 5: Structure of a HMM in speech recognition 

 

Transitions between states are defined as a simple left-to-right topology derived from the 

natural behavior of uttering the speech segments one after another over time. How likely a 

transition to the succeeding state will happen is described by transition probability. The 

probability of remaining in a state contains information about the average duration of a 

speech segment [Hirsch, 2008].  

In practice, each phoneme is usually modeled by a sequence of at least three states, and the 

first and the last state are always ignored. Each state contains a set of parameters that main-

ly describe the spectral and energy characteristics of the corresponding segment [Hirsch, 

2008], these parameters in this work refers to Mel frequency cepstral coefficients (MFCCs). 

The speech signal is extracted into MFCCs and then modeled with HMMs.  
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2.5 Training 

With the procedure of training a set of patterns as reference models are created. The train-

ing of reference models is used to create a Hidden Markov Model to present the informa-

tion that comes from the recorded speech signal, which is in the form of MFCCs extracted. 

In another word, training is to estimate the parameters of the HMMs from examples of the 

speech signal sequences that they are intended to model. In this work the training is fin-

ished with the software package HTK, Hidden Markov Toolkit, published by Cambridge 

University. 

HTK provides four basic tools for training: HCOMPV, HINIT, HREST, and HEREST. 

HCOMPV and HINIT are used for initialization. HCOMPV gives an initial value for HMM 

and HINIT computes the parameters of a new HMM using a Viterbi algorithms. HREST and 

HEREST are used to refine the parameters of existing HMMs using Baum-Welch Re-

estimation [HTKbook]. The details of these four tools will not be discussed in this work.  

The introduction of the according algorithms can be found in HTKbook.  

2.6 Recognition 

 A recognizer is necessary in a speech recognition system and built based on a “syntax” file. 

In the “syntax” file the manner of how the recognizer works is defined.   

Figure 6: Syntax file 
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Figure 6 shows components of a syntax file. From this file it can be seen: that the speech 

signal is the digits that are spoken by male and female. The speech signal contains from 0 

to 9 and an alternative pronunciation for the digit 0 as “o”. So there are 22 possible results 

for the recognition.  

It can be seen that, the speech signal begins with silence and ends with silence too. Be-

tween the silences it is the contents of the speech signal. This content should be recognized. 

The major part of recognition is to compare the extracted speech features with those of 

reference model. The extracted speech features from the speech signal that will be recog-

nized are defined as patterns, which are created in extraction by the same parameters used 

in training. The comparison between patterns of the speech signal and those of reference 

model is performed through certain algorithms, for example, forward-algorithms or the 

Viterbi-algorithms. The HTK Tool HVITE is a word recognizer based on Viterbi-

algorithms. Thus Viterbi-algorithms is used in this work. However, details of Viterbi-

algorithms will not be explained here as space is limited.  
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2.7 Evaluation of the Recognition Result 

HTK tool gives a program to compute the rates of recognition as well. The statistics are 

saved in file in certain format.  

 

 

Figure 7: A statistics of recognition 

 

In the recognition statistics, the first line gives the sentence-level accuracy based on the 

total number of transcriptions generated by the recognizer which are identical to the refer-

ence transcriptions. The second line contains numbers concerning the word accuracy of 

the transcriptions generated by the recognizer [referred to the HTKbook]. Here, H is the 

number of correct words,D is the number of deletions (words that are present in the refer-

ence transcriptions, but note recognized by the recognizer). S is the number of substitu-

tions (words in the reference transcriptions that are recognized as another word in the rec-

ognizer’s transcriptions), I  is the number of insertions (words that are present in the rec-

ognizer’s transcriptions but not in the reference), and N is the total number of words in the 

reference transcriptions. 
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The percentage of correctly recognized words is given by 

 100%Correct
H

N
= ´  (2.13) 

and the word recognition accuracy is computed by 

 100%
H I

N
Accuracy

=
´=  (2.14) 

 

2.8 Robust Speech Recognition 

A recognition system can work in the labor environment with a fast hundred percent rate 

of recognition. But in another environment, e.g., in a car or a big room, the rate of recogni-

tion can reduce to 30%. To improve the rate, a robust recognition system has to be estab-

lished.  

In many cases it would be desirable to allow a speech recognizer without wearing a close-

talking microphone. But this hands-free speech input leads to a modification of speech 

signal due to multiple reflections of the sound inside a room. This effect is called reverbera-

tion.  

In this work, the method to improve recognition rate under reverberation condition will be 

discussed.  

2.8.1 Reverberation 

Reverberation is the persistence of sound in a particular space after the original sound is 

removed. A reverberation is created when a sound is produced in an enclosed space caus-

ing a large number of echoes to build up and the slowly decay as the sound is absorbed by 

the walls and air [Lioyd, 1970]. Reverberation arises repeatedly as a result of sound reflec-

tions that are weaker with time. This is the most noticeable when the sound stops but the 

reflections continue, decreasing in amplitude, until they can no longer be heard.  
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Figure 8: Representation of the genesis of the different reverb. types 

 

As shown in the Figure 8, the red path indicates the direct sound and the green paths de-

note the short reflections and the blue path specifies the so-called late reverberation. The 

reverberation indicates the short reflection and late reverberation, but the late reverberation 

is more efficient for the study in this work. 

 

Reverberation time 

Reverberation time T60 is the time required for reflections of a direct sound to decay by 60 

dB below the level of the direct sound. A decrease by 60 dB corresponds to a decrease of 

sound pressure to one thousandth of its initial value, as shown in Figure 9. 

 

 

Figure 9: Decreasing of the sound pressure with time 

The reverberation time can be calculated by Sabine’s reverberation 

 60
·c

T
a

V

S
=  (2.15) 
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where c is a number that relates to the speed of sound in the room, V is the volume of the 

room in m2, S is the total surface area of the room in m2, a is the average absorption coef-

ficient of room surfaces, and the product Sa is the total absorption in sabins., usually the 

absorption of room surfaces to the sound is not constant. For different sound frequencies, 

the room surfaces absorb different masses of the sound energy, e.g., the absorption coeffi-

cient of room surfaces depends on the sound frequency. Because of the frequency depend-

ence of the absorption coefficienta , the calculated reverberation time 60T is also frequency 

dependent. This frequency relationship will be studied later in this work. 

The reverberation time 60T  and the volume of the room V have great influence on the 

critical distance, which is named also reverberation radius. The reverberation radius de-

scribes the distance to the sound source in which the direct sound and reverberation of the 

same. Figure 10 shows the relationship between direct sound and reverberation. 

 

 

Figure 10: sound pressure level in room 

Here K represents the direct sound parts, which reduces over time. D represents the diffu-

sion part, or reverberation part, which is relative constant. The red curve is the real sound 

pressure distribution of a sound source in a room. The distance, where the direct sound 

and reverberation intersect, is called reverberation radius. Within this range the direct 

sound is the major contribution to the real room sound distribution. Out of this range the 

reverberation part contributes the major part.  



Robust Speech Recognition System 21
 

 

The reverberation has a negative influence to the speech recognition. The rate of recogni-

tion reduces strongly with increasing reverberation time. A recognition experiment under 

reverberation condition is performed and the results are shown in Figure 11: 

This experiment is to recognize the German digits for zero to nine. Each digit is repeated 8 

times with German pronunciation; thus there are 80 files totally. These speech signals are 

influenced by different reverberation conditions, which are distinguished by reverberation 

times, as show in figure 11.  
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Figure 11: Recognition results under reverberation condition 

The rate of recognition in a room is relevant to reverberation, or reverberation time. The 

shorter the reverberation time is, the better the recognition result will be especially for the 

sentence recognition.  

 

 

 

 

 



Robust Speech Recognition System 22
 

 

2.8.2 Adaptation of the Recognition System 

Modern speech recognition systems are designed to work under many situations. Differ-

ence in acoustic environments can cause mismatch between the training and testing condi-

tions. This can affect the performance of these systems.  

A Speech recognizer’s performance is severely affected by changes in the acoustic envi-

ronment where it operates. In a general framework, considering all noise sources as inde-

pendent, the corrupted-speech signal, ( )y t  can be written as: 

 ( ) ( ) * ( ) ( )y t s t h t n t= +  (2.16) 

( )h t , the convolution noise component, contains all the correlated aspects of noise (e.g. the 

microphone response), and ( )n t  is the total additive noise. 

Many ways can be chosen to conquer the adverse acoustic conditions, e.g., to extract ro-

bust features from the speech signal that should be independent of the acoustic input con-

ditions. It works well under a stationary background noise. But it is not developed for 

compensation for other distortion effects, like reverberation and so on.  Another method 

to conquer the noise is to modify the pattern recognition process dependent on the acous-

tic conditions, and to adapt the energy and spectral parameters as they are contained in 

HMMs exactly to a reverberant environment. Parallel model combination (PMC) is a such-

like model based compensation scheme. It approximates the “best” compensation scheme 

to train on noise-corrupted speech data. This scheme can compensate static and dynamic 

coefficients in both additive and convolute noise environments. The adaptation approach 

that used in this work is also based on this compensation scheme.  
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 Basic PMC 

In the case of parallel model combination for the production of an adapted reference 

model, the characteristic properties of two HMMs are combined together.  

 

 

Figure 12: Basic PCM Process [Gal,2005] 

 

Figure 12 shows the basic structure of the parallel Model combination. a clear speech 

HMM and a noise HMM are used as inputs. These two models will be first transferred 

from Cepstral-domain back to Log-range. In the Log- range the combination is performed. 

After combination the new model have to be transferred back to Cepstral–domain.  

This combination process can be applied to such recognition system: the recognition is 

performed in a big room which has a long reverberation time. A model made of clean 

speech data is used for clean speech HMM; the reverberation time of the room is consid-

ered as the noise HMM used to adapt the clean speech HMM to adjust the mismatch be-

tween the reference model and the test patterns.  
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Reverberation influence to the speech signal 

The multiple reflections of sound in a room can be ideally described by an exponential 

decay of the acoustic energy which has been the result of early investigations in room 

acoustics [kuttruff, 2000]. This leads to a room impulse response (RIR) ( )h t  with an expo-

nentially decaying shape [Hirsch, 2008], expressed by the function 

 60

6 ln( )

2( ) ~

n

T
t

eh t
-

 (2.17) 

Figure 13 illustrates the reverberation influence on the speech signal. 

 

 

Figure 13: Energy contours of a speech signal  

in clean and reverberant condition [Hirsch, 2008] 

It can be seen that the reverberation leads to an artificial extension of each sound contribu-

tion. This extension occurs as so-called reverberation tail with the exponentially decaying 

shape of the RIR [Hirsch, 2008]. The same effect will also be seen at the Spectral domain.   
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The purpose of the adaptation that used in this work is to emulate the reverberation tail for 

both the spectrum and reverberation of the clean speech signal.  

 

 

Figure 14: Different spectrograms of HMMs for the word “six” 

 

In Figure 14 the spectrograms of the English word “six” are shown.  Picture (a) shows the 

spectrogram that is made from clean speech signal. Picture (b) shows the spectrogram 

made from speech signal with adaptation process to the reverberation. It can be seen that, 

the spectrum after adaptation also has a tail, which can approximately compensate the re-

verberation influence on the speech signal.  

In this work, PMC adaptation method will be used. The details will be discussed in next 

step. 
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3 Room Simulation 

 

The purpose of room simulation is to generate room acoustics. The theory of room acous-

tic can be found in the book by Kuttruff, “room acoustics”. According to the system the-

ory, the simulation, e.g., generation of an audio signal with reverberation in a room can be 

performed by convolution between clean signal and the room impulse response (RIR). The 

distribution of a RIR can be seen in Figure 9. The RIR can be divided into three parts, the 

direct part, the first reflection part and the reverberation part. The reverberation time can 

be estimated from RIR.  

In this work, the speech signal that contains the influence of reverberation will be recog-

nized. This testing signal will be artificially generated. As introduced, such a signal can be 

generated by convolution with the clean signal and the room impulse response. Thus, the 

determination of the room impulse response is very important. 

The determination of the RIR is based on a room model, which is suitable for rooms of all 

geometric shapes.  

 

3.1 Measurement of the Room Impulse Response 

The impulse response of a room is usually measured by the room empty. In this work two 

rooms are chosen to measure their impulse responses. These two rooms have different 

geometric shapes and different wall areas, leading to different reverberation time. In this 

work the radiation model is used.  

 

Figure 15: Radiation model for determination the RIR 
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This model assumes that the sound source spreads the energy radially to the environment, 

so that the energy distribution in all direction is the same. With this assumption just two 

points of the speech signal energy in the room are needed to measure the impulse response. 

One is the sound source; the other is the reception point with an appropriate distance from 

the sound source. A recent method of Pseudo Random Sequences (Maximum Length Se-

quences – MLS) is becoming very popular because of its noise immunity properties.  

 

3.2 Brief Theory of Maximum Length Sequences 

Maximum Length Sequences are a special kind of correlated signals. The sequences are 

periodic binary (+1 and -1) pseudo random signals. The auto-correlatd function of these 

sequences results in a Dirac impulse. In this sense, the room impulse response is evaluated 

by the cross-correlation between the MLS and the signal at the reception point [Paulo], as 

shown in figure 16, 

 

 

Figure 16: Scheme of the impulse response calculation 

The impulse response can be calculated through the following function, 

 ( )

( )

(

( ) ( )

( ) ( ) ) ( ) ( )

SS

y

MLS MLS

MLS

n

MLS

S n nh n S

S h n n h nS n n d
F

* *

*

-

= - * = *




 (3.1) 

SSF  is cross-correlation between the emitted and the received MLS. The sequence length is 

L = 2N-1, where N denotes the order of the sequence, i.e., the number of the shift registers 

used for its generation. Each peak (Dirac impulse) contains the same energy of the total of 

the MLS.  
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3.3 Establish the Measure Instrument 

According to this theory, the first step to calculate the room impulse response is to meas-

ure the speech signal at the source point and the receiving point. A measure method is 

shown in Figure 17.  

 

Figure 17: measurement of the RIR with MLS 

According to this principle, a measure instrument contains some devices: 

 PC, to play the pseudo audio signal and record the audio signal at the receiving point.  

 CD, which contains the pseudo signal. 

 Loudspeaker, to amplify the audio signal 

 Microphone, to receive the audio signal 

In real application, the measure instrument can be established simply as shown in Figure 18. 

 

Figure 18: Measure Instrument in Practice 
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The MLS (pseudo signal) is played by the computer, and amplified by the loudspeaker. 

Because the loudspeaker has also influence to speech signal, the signal that after the loud-

speaker is measured and used as the input signal ( )x t .The microphone is used to receive the 

signal at the receiving point. This signal is recorded in the computer and used as the output 

signal ( )y t . Two microphones are used in this instrument; one is near the loudspeaker and 

the other is at the receiving point. The signal is recorded by audio software in Wav file type.  

 

3.4 Performance of the Measurement 

Due to the different distance between sound source and the receiving point, the speech 

signal is also differently. The speech signal that measured near the sound source could con-

tain more energy of direct sound. Meanwhile the speech signal that measured far away 

from the sound source could contain more energy of reverberation. The effect of the adap-

tation to the signals at different distances could also be different.  

For further research, it is studied that how the adaptation affect the speech signals at dif-

ferent distance. Thus a set of RIRs are needed. So the receive signals at different points 

with different distances from the sound source will be measured. The distances have to be 

determined first.  

As mentioned in last chapter, the room impulse response contains three parts: the direct 

sound, the early reflection and the reverberation. It can be simply considered as two parts. 

One is the domain dominated by the direct sound, the other is the domain dominated by 

the reverberation. The domain that contains most direct sound is also named reverberation 

radius, as shown in figure 9. The receiving points in and out of the reverberation radius 

should be set for further study of the adaptation method.  
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Determination of the Reverberation Radius 

In this work, two rooms are chosen to measure the impulse response. One room is a meet-

ing room and the other is an office. According to empirical value, the reverberation time of 

such rooms should be 0.5 to 0.8. Thus the reverberation radius can be calculated as, 

 
60

0.057·
V

r
T

»  (3.2) 

and here the volume of the room V and its reverberation time T60 are needed. The rever-

beration time can be calculated by the function (2.15). To calculate the volume, the geo-

metric shapes of these two rooms are measured at first.  

 

 

Figure 19: Floor Dimensions of two rooms 

 

Figure 19 shows the floor plan of each room. The meeting room  is rectangular while the 

floor of the office can be divided into a rectangle and a trapezoid.  

 

Length Width Height 

6.54 m 4.74 m 3.18 m 

Table 1: Dimension Values of the meeting room 
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Table 1 exhibits the geometric values of the meeting room. With these values, the volume 

of the meeting room can be computed.  

 36.54 4.74 3.18 98.6mV H mL W ⋅ = ´ ´ == ⋅  

Here L stands for length, W stands for width and H for height.  

Because the adsorption parameter of the meeting room is actually unknown, according to 

empirical value the reverberation time T60 of the meeting room is picked as 0.65 seconds. 

Thus the reverberation radius of the meeting room can be calculated using function (3.2).  

 
3

60

98.6
0.057 00.0 .7 7057

0.65
m

m

V m
m cr m

T s
= ´ » ==  

According to this reverberation radius, a set of received points can be determined.  

 

Length Left Side Right Side Height 

7.08 (3.35 + 2.73) m 1.85 m 4.30 m 3.18 m 

Table 2: Dimension Values of the Office 

In Table 2 are values of the office’s dimensions.  As shown in Figure 20, volume of the 

office can be computed as combination of two parts. 

The area of the rectangle is, 

22.73 4.30 11.74r WL mA * = ´ ==  

The right side of two parallel sides of the trapezoid equals the width of the rectangle. The 

area of the trapezoid is, 

 2( ) (1.8 3.355 4.30)

2 2
10.30l r t

t

S S
A

h
m

+ +* ´
= ==  

here lS  and rS  are lengths of the parallel sides of the trapezoid. th  is height of the trape-

zoid. 
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Therefore, the whole area of the office is, 

 211.74 10.30 22.04r tA A A m= + = + =  

Then the volume of the office equals,  

 322.04 3.18 70.09o hV A m* = ´ ==  

The reverberation radius can also be calculated by the function (3.2). The reverberation 

time of the office is picked as 0.65 seconds too,  

 
3

60

70.09
0.057 0.60.057

6
60

0. 5
o

o

V m
m cr m

T s
= ´ » ==  

The reverberation radius of the office is also determined so that the measure points can be 

set. 

 

Measure of the Audio Signal 

Corresponding to the reverberation radius, the receiving points of the meeting room and 

the office are picked, as shown in Table 3.  

 Distance of the  receiving points from the sound source(cm) 

Meeting Room 15 20 25 30 50 70 250 300 

Office 15 20 25 30 50 70 175 280 

Table 3: distance of the receiving points 

For each room, eight measure points will be performed. They distribute before and after 

the reverberation radius of each room. Because of the different distances of the receiving 

points from the sound source, the direct part and the reverberation part of each RIR 

should not be the same. This will affect the adaptation result. The affection will be studied 

in this work.  
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As introduced in section 3.3, the source signal is MLS (Maximum Length Sequences), 

which is actually a pseudo signal. This signal is played by the computer and measured by 

the near microphone, while the receive signal is simultaneously measured by the far micro-

phone, as shown in figure 18.  Measured signals are recorded by software in Wav, a audio 

file format co-developed by Microsoft and IBM. The signals measured by microphones are 

analogical. So to save as Wav, the signals have to be sampled first. The sample frequency 

used in the software is 16000 Hz.  

At each receiving point two audio signals are measured. The signal measured by the near 

microphone is taken as the input signal, and the one measured by the far microphone is the 

output signal, according to the theory introduced in section 3.2. The calculation of the 

room impulse response is performed by the Software packet Matlab with the graphic user 

interface in Linux system.  Figure 20 shows one of the RIRs of the office with the distance 

of 15cm. For further use the sample frequency of the impulse response has to be changed 

into 8000 Hz, which can be accomplished simply in Matlab. 

 

 

 

Figure 20: the calculated room impulse response 
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It can be clearly seen that the room impulse response contains three parts, which are dis-

tinguished by the amplitude; the direct sound is at the beginning of the RIR with the high-

est amplitude, the early reflection is right following the direct sound. The major part of the 

impulse response is the long-lasting reverberation although its amplitude is much lower. 

The reverberation radius of the office is 0.6m. In this work the direct sound and the rever-

beration are more useful, while the short-lived early reflection can be seen as transition.   

A time can be calculated from the velocity of the sound and the reverberation radius.  

 0.6

34
0.0018

0
t
c

s
r
= ==  

According to the definition of reverberation radius, the RIR related to this time is domi-

nated by the direct sound, i.e., the RIR in this range has relative large amplitude, as shown 

in figure 20. The RIR out of this range is dominated by reverberation, which has nearly flat 

amplitude. For each room, eight measures have been performed.  

Because of the different distances between two microphones, the impulse response of each 

measure should also be different. Figure 21 and 22 show the RIR of each measure in each 

room. 
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Figure 21: RIRs of Meeting Room 
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Figure 22: RIRs of Office 
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As shown in Figure 21 and Figure 22, the first six pictures describe the RIRs before the 

reverberation radius. The last two pictures describe the RIRs after the reverberation radius. 

Because of different measure distances, the distances that the sound wave radiates also vary. 

This leads to the decreasing amplitude of the direct sound.  

 

Figure 23: Measure of direct sound in RIR 

The direct sound is measured directly by the two microphones, as shown in figure23. If the 

distance between the two microphones is changed, which means the radiation time of the 

sound from source is also changed. The radiation time can be calculated by  

 r
D

t
c

=  (3.3) 

where rt is the radiation time of the direct sound from the source to  the receiving point; D 

is the distance between the source and the  receiving point.; and c is the velocity of the 

sound. 

 In the eight measurement of each room, the distance D is becoming throughout larger. So 

the radiation time should also be throughout longer. This can be illustrated in Figure 21 

and Figure 22, the beginning time of the direct sound in each RIR comes later with the 

increased measure distance.  The amplitude of the direct sound could be lower according 

to the sound energy distribution against the time.   
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It can be seen in Figure 21 and Figure 22, the amplitude of the direct sound decreases 

against the increasing microphone distance. The RIR after the reverberation radius contains 

more reverberation, thus as shown in the last two pictures of Figure 21 and 22, the RIRs 

have lager amplitudes in the reverberation range.  

What is more significant in the RIRs of each room is not the absolute value of the energy 

of direct sound or reverberation (here it is indicated by amplitude in Figure 21 and 22), but 

the ratio of these two parts the energy of the direct sound corresponds to the largest ampli-

tude in the RIR figure. The energy of reverberation is the summation of the rest amplitudes. 

The ratio can be calculated by, 
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where h(n) is the function of the room impulse response and its square represents the en-

ergy. Because of the vague boundary between the direct sound and the reverberation, a 

little more points around the maximum amplitude are chosen for the direct sound, e.g, 25 

points here. The other points are considered as the reverberation. This ratio of the direct 

sound to the reverberation is shorted in this work D/R ratio. 

 

Measure Distance (cm)  

15  20 25 30 50 70 250(175) 300(280)

Meeting Room 15.8823 13.3208 12.6512 12.6220 8.9681 5.1010 1.0564 0.4238 

Office 12.3101 12.1191 11.5296 9.7543 7.0256 4.9729 1.4851 0.6289 

Table 4: D/R ratio of each room 

Obviously, the smaller the distance between two microphones is, the greater the ratio be-

tween direct sound and the reverberation will be.  This result agrees with the theory well. 

As mentioned, the RIR measured with the small distance contains more direct sound; the 

D/R ratio is certainly larger.  
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Figure 24: Trend of the D/R ration of each room 

 

From Figure 24, the ratio is a decreasing function of the distance. If the distance is much 

further than the reverberation radius, the D/R ration could reduce to nearly zero.  

 Compared to Figure 9 the trend of the ratio is easy to understand. The direct sound re-

duces against the distance; meanwhile the reverberation is almost constant. Thus the ratio 

is becoming smaller. 

This ratio is important for the study of the adaptation algorithms. The details will be ex-

plained in the next chapter. 
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4 Implementation 

 

In this chapter, performance of the relevant experiments will be introduced. But before the 

recognition experiment, some preparations as follows should be done. Each individual step 

will be separately introduced.  

  Generating the speech signal with the influence of reverberation 

 Training the reference model for the recognition  

 Introducing the reverberation adaptation method of an existing algorithms 

The major work of this thesis is to improve the existing adaptation algorithms. In the exist-

ing adaptation algorithms, the energy and spectral parameters that contained in HMMs are 

adapted to a reverberation environment. Therefore two parameters are invented to fulfill 

the adaptation. In this work, these two parameters will be optimized to improve the recog-

nition rate.  

To compare the results, a set of recognition experiments will be performed. At first, the 

noisy speech is recognized without adaptation and then recognized with adaptation.  The 

effect of adaptation can be seen through comparison of these two results. As mentioned 

before, the major work is to modify the two parameters that are used to adapt the energy 

and HMMs. Following steps will be performed for the modification, 

 Developing a algorithms to modify the parameter of the energy adaptation 

 Developing a algorithms to modify the parameter of the HMMs adaptation 

 Combining  the two algorithms above to improve the recognition rate 

If too many adaptation algorithms are used, calculation needs more time. This leads to low 

performance efficiency. Therefore, an optimized number of the adaptation algorithms will 

be accomplished to improve the calculation efficiency. Each individual step of implementa-

tion will be explained in details in following section.  
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4.1 Generation of the Distorted Speech Signal 

The distorted speech signals that are used in the experiments are artificially generated. Here 

“distorted” means with the influence of reverberation. According to function (2.16) the 

distorted speech is produced in such a way that the convolution of the clean speech and 

the impulse response of microphone add the receiver noise. The receiver noise is mostly 

the background noise which is ignored in this work. The response of microphone is 

equivalent to the room impulse response in this work. A processing scheme is developed to 

simulate this acoustic scenario, as shown in Figure 25. 

 

 

Figure 25: Processing scheme for the generation of distorted speech 

 

By means of convolution with room impulse response, the clean speech signal can be pro-

cessed into distorted signal i.e., a signal influenced by the reverberation of the same room. 

Two rooms (a meeting room and an office) are chosen in this work to conduct the experi-

ment. The room impulse responses of the two rooms have already been made as men-

tioned in the last chapter. For each room eight impulse responses are created with different 

sound spread distance. Thus different distorted speech signals are generated for each room. 

With these signals, the acoustic scenario under reverberation condition can be simulated. 
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The Clean Speech 

As shown in Figure 25, clean speech signals have to be chosen for the generation. In this 

work isolated word recognition is examined. This clean isolated word speech is taken from 

the TIDigits database, which will be trained as the reference model for the further experi-

ments. The data was collected in a quiet studio environment and digitized at 20 kHz. How-

ever, the TIDigits data have been down sampled at a sampling frequency of 8 kHz. 

The recognition experiments in this work are carried out on the test part of the TIDigits 

wich consists of 8700 utterances with 28583 digits in total. The files that are used in this 

work is just isolated word that spoken by American. The content is the digits from zero to 

nine in English. An alternative for zero is the pronunciation of “o”. Thus there are eleven 

words to recognize. Each word is recorded repeatedly with adult men and women voice. 

2486 files are used in this work in total.  

The Simulation Tool 

For implementation, a simulation tool is used. This simulation tool has been realized in 

C++ program including a lot of function written in C as they are available in the ITU soft-

ware library respectively as exemplary code for the speech coding schemes from ETSI 

[Hirsch, 2008]. a Shell-Script is written for this implementation. part of the script is shown 

in the following figure. 

 

 

Figure 26: Script to generate the distorted speech 
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Once the impulse response file- in wav form, the clean speech file and the destination di-

rectory are indicated, the distorted speech file will be automatically generated. As shown, 

the simulation program named “voice_transmission_simulator”. The whole Script is  in the 

appendix. The distorted speech is generated consequently when different impulse re-

sponses are given.  

 

4.2 Training 

The TIDigits speech data is trained as reference model. Two training modes are defined 

with different MFCCs of the HMMs. One is trained with 39 coefficients; the other is 

trained with 42 coefficients. As mentioned before, the 39 coefficients consist of the basic 

12 Cepstral coefficients C1 to C12, the Log Energy of a frame as C13, and derivative velocity 

and acceleration of these coefficients. A new Coefficient C0 is introduced as the basic Cep-

stral coefficient; its velocity and acceleration is also used to make the 42 coefficients.  

The new Cepstral coefficient C0 is needed to transform back the Cepstral coefficients to 

the Mel spectrum. This transformation is part of the adaptation technique that will be in-

troduced later [Hirsch, 2008]. However, C0 will not be used for the pattern recognition.  

Based on the HTK training tool, a shell script produced by H.G. Hirsch has been made to 

perform the training. Two reference models are trained for the recognition. The model that 

trained with 39 coefficients is used for normal recognition; the model that trained with 42 

coefficients is used for the recognition experiments with adaptation.  

The trainings are based on clean speech. After the training each digits is described by 

HMMs separately considering to the male or female voice. The individual HMMs are used 

to describe the silence. These HMMs is used in the experiments later to fulfill the recogni-

tion or adaptation.  
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4.3 Recognition Experiments 

The recognition is performed by a set of Matlab scripts. The scripts are also based on the 

HTK tool, while the adaptation algorithms are written by Matlab routine. With indication 

of the reference model and the testing speech, these scripts can perform the feature extrac-

tion, training of HMMs and recognition with or without adaptation automatically. Consid-

ering the HTK standard, the parameters of the HMMs used in the experiment are: 

 16 states per word (the whole number is 18, but the first and last state is unused) 

 Simple left-to-right models without skips over states 

 Mixture of 2 Gaussians per feature and state. 

A single HMM is used to model the pause. This consists of three states with an optional 

skip back from the third state to the first state [Hirsch 2008]. 

 

4.4 Adaptation of HMMs 

As shown in figure 14, the HMMs of a speech signal which is influenced by the reverbera-

tion have a decaying tail. The purpose of adaptation is to artificially make this tail in the 

HMMs from the clean speech.  

According to function (2.17), the only parameter for the room impulse response is the re-

verberation time. So the reverberation time T60 is also the only parameter that is used for 

the adaptation.  

The speech signal is firstly extracted into small speech segments, and then this segment is 

trained into a HMM with a set of parameters. The speech segment contains a certain acous-

tic excitation with a defined energy [Hirsch, 2008]. That means each state of HMM also has 

the acoustic excitation. This excitation will also occur in the following states at certain at-

tenuation. Due to the reverberation with its exponentially decaying RIR this energy will be 

spread over time [Hirsch, 2008]. 
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According to the paper by Hirsch, a factor ,n la  describes the energy contribution to a fol-

lowing state nS due to the excitation in state lS , this factor can be calculated as: 

 

where t
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where ( )nd s  is the duration of a state. It is calculated by the following function, 
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shiftd is the shift time of the Windowing at the feature extraction. 

 Hence an individual state is influenced by the preceding HMM states. As introduced, each 

state of a HMM is defined by the spectral parameters (MFCCs) and an energy parameter.  

 

 

 

Figure 27: Influence of the preceding HMM states to a present state 
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Figure 27 shows the influence of the preceding HMM states to a present state. State S3 is 

considered as a present state with two preceding HMM states S1 and S2. Each state has an 

excitation and attenuates over time.  With the duration of state S3, these two excitations will 

affect state S3 differently. As shown in Figure 27, the energy contribution of state S2 is 

greater than that of state S1. However, both energies affect S3 simultaneously. The marked 

area in Figure 27 is the total influence of the two preceding states on S3.  

The mean of the energy parameter at the individual state Sn can be obtained by adding the 

energy contributions of the state itself and the preceding states [Hirsch, 2008], showed in 

the mathematical definition below: 
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 (4.3) 

The power density spectra can be adapted in the same way, 
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Because the acoustic feature is normally described by the MFCCs, the Cepstral coefficients 

have to be transformed back to the spectral domain at first. After the adaptation, the 

adapted spectra have to be transformed to Cepstral domain again. In practice, usually 2 to 3 

preceding HMM states have an influence on the state to be adapted [Hirsch, 2008]. 
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4.5 Estimation of T60 

The reverberation time T60 is the only parameter in the adaptation. Therefore to optimize 

T60 is the main work for the adaptation. An iterative process is used to estimate the T60. 

The value of T60 that comes from the preceding adaptation is used as the start value for the 

present iteration. By this way the computational costs can be strongly reduced.  

 

Figure 28: Estimation of T60 by an iterative search  

of the maximum likelihood [Hirsch, 2008] 

 

Figure 28 shows the iterative process of estimation of T60. The vector buffer is used to 

store the temporary feature vectors that come from the matching with the previously rec-

ognized HMM sequence. At the beginning the feature vectors is matched with the adapted 

HMMs forcedly. The adapted HMMs are produced by the previous estimated T60  with a 

floating of 20ms. After the match a probability that describes the likelihood between the 

test speech feature and the patterns can be calculated. If the likelihood reached a maximum 

value  when changing T60 within a limited range, the estimation can be finished. The esti-

mated T60 will be used not only for the real recognition but also as the start value for an-

other forced match and the search for the maximum likelihood. Because the hands-free 

(input without hands) conditions will usually alter slowly in practical applications, the modi-

fication of T60 is restricted to the range of ±40ms from the previous estimate [Hirsch, 2008].  
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Figure 29: Different spectrograms of HMMs fort he word “six” [Hirsch, 2008] 

 

After this adaptation the reverberation tail of the HMMs can be made artificially. Figure 

29(a) shows the spectrogram of HMM that trained direct with the distorted speech signal. 

The black arrow points out that the so-called reverberation tail. Figure 29 (b) shows the 

spectrogram of HMM that trained with the clean speech and adapted after. It can be seen 

in the figure 29 (b), the HMM has the similar tail.  

Using the T60, the parameter α that describes the energy contribution of each state to a 

succeeding state can be calculated. This parameter is very important for the adaptation ac-

cording to the function (4.3) and (4.4).  
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4.6 Alteration of the Adaptation Algorithms  

After the adaptation of clean speech HMMs with the parameter T60, the recognition rate 

could  increase. In order to get higher recognition rate, some procedures  need to be done  

The quasi description of the energy decaying of a speech segment  representing a state in 

HMM model is shown in figure 27. The energy of the state spreads exponentially in the 

room. The current state corresponds to the direct sound and the other previous stats corre-

spond to the reverberation. This is a general assumption to the estimation of T60 that dis-

cussed in the previous section.  

However, if the speech signal is measured at different distances, the energy does not spread 

ideally exponentially. As shown in figure 21 and figure 22, if the signal measured at a short 

distance, the direct sound has more energy; if the signal measured at a long distance, the 

energy of the direct sound reduces while the energy of the reverberation is increased. By 

the data of the D/R ratio in table 4, it can be seen that the energy of the direct sound at a 

short distance is much greater than the energy of the reverberation (with a maximum D/R 

of 15.88). But at  a longer distance the energy of the direct sound decreased slowly. At last 

the energy of the direct sound could be smaller than the energy of reverberation (with a 

minimum D/R of 0.4238). The practical descriptions of the energy decaying in a room at 

different distances are shown in the figure below.  

 

Figure 30: Description of the energy decaying in the room 
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Obviously, the energy decaying at different distances is not same. Compared with the 

original decaying figure used in the previous adaptation of reverberation, the energy of the 

direct sound should  be higher at a small distance  yet decline  along with  increasing dis-

tance. A sketch is shown in the following figure.  

 

Figure 31: Sketch of the energy decaying 

It can be seen that the original energy decaying model can not describe the real decaying at 

each distance well. So the original decaying model has to be adapted.  

According to Function (4.3), the energy of a state can be adapted by itself and the other 

preceding states. And each state contains acoustic excitation energy. Due to the reverbera-

tion with its exponentially decaying RIR (described with the function (2.17)) this energy will 

be spread over time. In function (4.3) shows also a parameter α is defined to describe the 

energy contribution of each state, which is calculated by the function (4.1). Because a 

HMM contains more states, and each state has a parameter α, so this set of α can be de-

scribed with a matrix. This matrix is named weighting matrix in this work.   

Based on this assumption, a new parameter Α can be defined. It is used to redistribute the 

energy distribution of each state. Assuming that the total energy of a state is constant, if the 

speech signal is generated by the short-distance room impulse response, it means that the 

direct sound has a larger influence on the states of HMM. Using the new parameter, the 

vector of α can be modified to make the direct sound have even more energy. in the oppo-

site situation, the vector of α can be modified to make the reverberation have more energy. 

This new parameter is recognized as Α (alpha, Capital of α).  
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This parameter Α  varies with different energy decaying meaning that  recognition of each 

speech signal can get the optimized result with different Α values. This Α is also optimized 

with an iterative calculation. This iteration is similar to that of the optimization of the T60.  

  The weight matrix can be modified with this A so that the energy of the direct sound the 

reverberation part can be redistributed. The energy contribution of the states is also modi-

fied according to  Function (4.3) and (4.4).  As a consequence, HMMs are  modified with 

the Α. With the modified HMMs, a probability that describes the likelihood between the 

test speech features and the patterns can be calculated. If the likelihood reaches  a maxi-

mum value  when changing   Α within a limited range, the estimation  finishes. This value 

of Α can be used as the initial value for the next iteration. The limit of the change of Α 

between two steps is 0.5.  

 

4.7 Study  of the Frequency Dependence of T60 

From the description of a speech signal in the frequency domain, it can be seen that the 

speech signal contains a frequency range from 0 to about 20kHz, because the absorption of 

the voice energy of the wall material is not the same  for different frequency signals, the 

reverberation time T60 is frequency dependence. 

Frequency (Hz) 125 250 500 1000 2000 4000 

Concrete block, painted 0.10 0.05 0.06 0.07 0.09 0.08 

Ordinary window glass 0.3 0.2 0.2 0.1 0.07 0.04 

Brick 0.03 0.03 0.03 0.04 0.05 0.07 

Table 5: Absorption parameter of materials 

Table 5 above shows the absorption parameter of three  common materials. It can be seen 

that   the absorption parameter is different as frequency changes. According to  Function 

(2.15) the calculated T60 should also be different. Moreover, the air absorbs speech energy 

too, especially for the high frequency signal. Thus the T60 could have a lager value at a low 

frequency and smaller value at a high frequency.  
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The speech signal is extracted  through feature extraction procedure.  Then the speech 

signal is described in the Mel-band domain. The Mel-band  consists of a set of Mel-filter,  

which are 24 in this work. With these 24 filters, the speech signal can be separated into 24 

groups. Each group has a center frequency.  

only one T60 is optimized and used for all 24 frequency band as introduced before in adap-

tation algorithms. In order to improve the accuracy of the adaptation, a set of proper T60 is 

optimized for every Mel-frequency filter band.  

 

 

Figure 32: Scheme of estimate of the T60 vector 

The iteration algorithm is the same as that mentioned in  Section (4.5). However, for each 

Mel-filter band a reverberation time T60 have to be calculated. The reverberation time is 

thus no longer a single value, but a vector, which contains 24 elements., as shown in  Fig-

ure 32.  

Accordingly, the weight matrix is becoming three dimensional; the third dimension is used 

to store the frequency band information. The adaptation of the HMMs in each frequency 

band is with the T60  corresponding to the same band. Using frequency depended T60 the 

recognition rate could be improved. The results will be analyzed later. 
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5 Evaluation of the Results 

 

In this chapter the recognition results of the series of recognition experiments  introduced 

in the previous chapter will be analyzed and compared with each other. The effects of the 

adaptation algorithms will be evaluated.  

5.1 Overview of the Performed Experiments 

 At first the distorted speech signals are produced with a set of impulse responses. These 

RIR are measured with increasing measure distance. The distorted speech signal generated 

by a small-distance RIR can be considered equivalent as the real one that is recorded by a 

microphone near the source point. Such small-distance signal contains more energy of the 

direct sound, while the far received signal contains more energy of reverberation 

  The first recognitions experiment is performed without the adaptation. How the direct 

sound and reverberation influence the recognition can be seen.  

Then the recognitions experiment is performed with adaptation. The recognition results 

will be compared with the results of the recognition without adaptation. Whether the adap-

tation improved the recognition rate or not can be proved  through comparison.  

The next experiment is performed with adaptation and a new parameter vector Α is intro-

duced for improvement. With this parameter vector the energy distribution of a sound 

spreading can be modified. The recognition rate can also be improved. 

The forth experiment is to prove that the reverberation time T60 is frequency dependent. 

T60 will be optimized for each frequency band of Mel-filters. How this adaptation influ-

enced the recognition rate will be studied.  

Because the T60 are optimized for each frequency band, the computational cost will  in-

crease greatly. An alteration of the optimization algorithm will be performed to reduce the 

computational cost. The last experiment intends to find a appropriate algorithm to fulfill 

the reduction.  
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5.2 Experimental Investigation on the Influence of Adaptation 

5.2.1 Experiments without Adaptation 

The recognition experiments are performed by a set of Matlab-scripts. In the script the 

“hmm” file has to be indicated. The “hmm” file gives the location of the reference model. 

If there is no adaptation in the experiment, the HMM describing the reference model is 

generated with 39 MFCCs. Each HMM contains 18 states; and each state has 2 Gaussian 

mixtures. The recognition can be performed automatically with the Matlab-scripts. 

Distance (cm) 15 20 25 30 50 70 250 300 

Recognition Rate (%) 99.20 98.99 98.95 99.20 97.51 95.58 94.41 93.24

Table 6: Recognition rate of the meeting room without adaptation 

 
Distance (cm) 15 20 25 30 50 70 175 280 

Recognition Rate (%) 99.48 99.36 99.16 99.48 98.71 97.63 95.25 96.22

Table 7；Recognition rate of the Office without adaptation 

Table 6 shows the recognition rate of the experiments performing in the meeting room. 

Table 7 shows the recognition rate of the experiments performing in the office. It can be 

seen in two tables that the recognition has a higher rate at a shorter distance. The recogni-

tion rate decreases against  increasing distance.  
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Figure 33: Comparison of the recognition rates without adaptation 
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5.2.2 Experiments with Adaptation 

In order to perform the recognition with adaptation, three additional MFCCs of the refer-

ence model need to be introduced. 42 coefficients are used to generate the reference model.  

Distance (cm) 15 20 25 30 50 70 250 300 

Recognition Rate (%) 99.20 98.91 98.79 99.20 98.39 97.91 96.82 96.42

Table 8: Recognition rate of the meeting room with adaptation 

 
Distance (cm) 15 20 25 30 50 70 250 300 

Recognition Rate (%) 99.44 99.40 99.12 99.20 98.91 98.31 97.26 97.22

Table 9：Recognition rate of the Office with adaptation 

Table 8 shows the recognition rate of the experiments performing in the meeting room. 

Table 9 shows the recognition rate of the experiments performing in the office. It can be 

seen in the two tables that the adapted recognition has a higher rate at a shorter distance as 

well. Also, the recognition rate decreases against the increasing distance.  
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Figure 34: Comparison of the recognition rates with adaptation 
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5.2.3 Comparison of the Experiment Results 

The recognition rates changes with different measure distances.  The reverberation radius 

that calculated by Function (3.2) in section 3.4 of the two rooms is about 0.6 to 0.7. The 

half reverberation radius is about 30cm. the recognition rate in and out of this range 

changes largely.  

Figure 33 and 34 show that 30 cm is a boundary distance for the recognition rate. The rec-

ognition rate of both experiment conditions within 30cm has a high value, yet decreases 

strongly beyond 30cm which means the reverberation influences the recognition rate 

strongly. 

However the volume of the office is smaller than that of the meeting room; the reverbera-

tion time is also shorter. The recognition rate of the office is better than that of the meet-

ing room at the same distance (see table 6, 7 and table 8, 9). It can be proved that the 

shorter the reverberation time is, the better the recognition rates are, for both conditions, 

i.e. with or without adaptation.  

In table 6 it can be read that the recognition in the meeting room at the distance of 15cm 

has a rate of 99.20% and at the distance of 300cm has a rate of 93.24%. The recognition 

rate reduces by almost 6%. In table 8 it can be read that the recognition of the same room 

at the distance of 15cm has a rate of 99.20% and at the distance of 300cm has a rate of 

96.42%. The recognition rate reduces by less than 3%. The recognition with adaptation 

indeed improves the recognition results. Comparing the data of table 7 and table 9 the 

same conclusion can be proved for the recognition in office.  

The speech signal recorded at a small distance contains more energy of direct sound; 

meanwhile, the speech signal recorded at a large distance contains more energy of rever-

beration. The effect of adaptation algorithm to the small distance signal and to the large 

distance signal could be different.  These effects are shown in the figure below. 
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Figure 35: Effects of the adaptation to the recognition in meeting room 

 

 

 

Figure 36: Effects of the adaptation to the recognition in office 
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The recognition rates with and without adaptation of the same room are illustrated in Fig-

ure 35 and 36. The unicolor bars represent the results without adaptation and the marked 

bars represent the results with adaptation.  

Considering the boundary distance of 30cm, the recognition rate  obtains little improve-

ment at the small distance, but at the large distance the adaptation performs more effec-

tively. The speech signal that measured at a small distance contains mainly the direct 

sounds and the influence of the reverberation is relatively weak. Even without the adapta-

tion the recognition can also obtain good results. However the speech signal that measured 

at a large distance is strongly influenced by the reverberation. When there is no adaptation, 

the recognition rate reduces largely. But with the adaptation the recognition result can be 

improved markedly. As shown in Figure 35 the adaptation can improve the recognition rate 

in the meeting room by about 3% and that in the office by about 2% as shown in Figure 36.  

As mentioned, the reverberation time of the office is shorter than that of the meeting room. 

Comparing the data in Figure 35 and 36, we find that adaptation has a better efficiency to 

the recognition experiments in the meeting room (The maximum recognition rate could 

reach over 3%). 

The result data also indicate that the adaptation algorithm has more effective performance 

for far-distance speech signal recognition and for the meeting room. The reason is that far-

distance speech signal is influenced mainly by reverberation, and the reverberation time of 

the meeting room is larger than that of the office. The adaptation algorithms can be proved 

to adjust the HMM under reverberation condition very well. The larger the reverberation is, 

the higher the adaptation efficiency is.  

In ideal case the recognition rate should reduce against the distance monotonously. But 

there are also exceptions, e.g. shown in figure 35 and 36 at the distance of 30cm and in 

figure 36 at the distance of 280cm. However, these exceptions do not influence the study 

of reverberation, so that they can be ignored here.  
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5.3 Experiments with the Altered Adaptation Algorithms 

Based on the basic adaptation algorithms, a new parameter Α is introduced to alter the 

adaptation algorithms. With the parameter Α, the energy distribution of a state due to re-

verberation can be modified. The experiments in this stage are used to study how the pa-

rameter Α affects the recognition rate.  

From above, the recognitions in office and in meeting room have similarity. So the experi-

ments in this stage only the recognition experiment in meeting room are used for the study. 

Because the meeting room has larger reverberation time and its geometry is more regular, 

the recognition rate could have less unexpected variance.  

5.3.1 Recognition Rate under Different Adaptation Conditions 

The recognition is performed with the distorted speech signal  at different distances. Those 

distances are listed in Table 9. According to the reverberation radius of the meeting room 

(about 0.6s), there are three speech signals at each side in or outside the reverberation ra-

dius.  

Distance (cm) 20 30 50 70 250 300 

Recognition Rate (%) without 
adaptation 

98.99 99.20 97.51 95.58 94.41 93.24 

Recognition Rate (%) with 
adaptation 

98.91 99.20 98.39 97.91 96.82 96.42 

Recognition Rate (%) with 
altered adaptation  

99.12 99.32 98.39 97.99 96.46 96.10 

Table 10: Comparison of the recognition rate for the meeting room 

Comparing the second and the third row of Table 10, it can be seen that the recognition 

rate with the adaptation increases. Indicated from the third and the fourth row of Table 10, 

the recognition rate of small-distance signal is improved, while that of large-distance signals   

slightly decreases. This weighting parameter Α is more efficient to the adaptation of the 

direct sound energy.   
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Figure 37: Results comparison of different adaptation processing 

 

The recognition results of the different adaptation processing are compared together 

graphically. It can be seen directly that the recognition with altered adaptation has the best 

recognition rate at small distance. Using the parameter Α, the adaptation algorithm is al-

tered and efficiently improved to recognize the signal that contains more direct sounds.  
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Figure 38: Recognition rate against the D/R ratio 
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Figure 38 shows the recognition rate against the D/R ratio in the meeting room. The D/R 

ratio represents the ratio of the direct sound to the reverberation. This data can be read in 

Table 4 in section 3.4. If the signal has small D/R ratio, there are more energy of rever-

beration in it.  

The original adaptation algorithm is more efficient for the recognition of large-distance 

signal, i.e. small D/R ratio. For the distorted speech signal that measured  at a distance 

within the half reverberation radius, the original adaptation has almost no effect. The meas-

ured signal with this distance contains more energy of the direct sounds and is lightly influ-

enced by the reverberation. Even without adaptation, the recognition rate is already high. 

The recognition of distorted signal that measured  at large distance can be adapted well by 

the original adaptation algorithm, because such distorted speech signal contains more en-

ergy of the reverberation. Generally speaking, if the distorted speech signal has a larger 

D/R ratio the original adaptation algorithm works better.  

 

5.3.2 Realization of the Energy Contribution 

The impact of the parameter Α to the adaptation is to redistribute the energy of a distorted 

speech signal. No matter the distorted signal contains more energy of the direct sound or 

of the reverberation; the dominant energy is enlarged with the parameter Α. The energy 

difference comes from the minor energy. This means if the speech signal has more energy 

of direct sound, a part of reverberation energy is removed to add the direct sound energy. 

The total energy stays constant.  

Following routine shows how the parameter Α works. The matrix weight determines the 

energy contribution of the states in HMM.  Because a speech signal is processed into a lot 

of HMMs, and each HMM also has a set of states, the weight matrix is actually a two di-

mensional matrix.  

energy_far = sum( weight(i,i+1:end)); 
energy_diff = (1 - alpha) * weight(i,i); 
weight(i,i) = alpha * weight(i,i); 
energy_far_new = energy_far + energy_diff; 
energy_far_new = max(0, energy_far_new); 
weight(i, i+1:end) = weight(i, i+1:end) * energy_far_new/energy_far; 
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The parameter for the direct sound is the element weight (i, i) in the matrix weight. For a 

certain state this parameter is to determine the energy contribution of the state itself. The 

energy_far represents the whole energy of the reverberation, i.e. the energy contribution 

of other stats to the succeeding state. The energy_diff is a temporary variable to store the 

energy that is used to rebuild the energy distribution between the direct sound and the re-

verberation.  

The value of A, here alpha, can be larger or smaller than 1. If the value is larger than 1, the 

energy_diff is a negative value. Then the weight (i, i) is larger than the original value. In 

this case, the energy of reverberation will reduce and the reduced energy will be transferred 

to the direct sound. On the contrary, if the value of alpha is smaller than 1, meaning that 

the weight (i, i) is smaller than the original value, then part energy of the direct sound will 

move to reverberation. 

 

5.3.3 Statistics of the Distribution of the Parameter Α 

The calculation of the parameter Α is recorded by a file. For each experiment about 2500 

speech files will be processed. So there will be also about 2500 estimated Α after recogni-

tion. These parameters will be statistically analyzed.  

As mentioned in the above section. The value of Α can be larger or smaller than 1. If the 

speech signal has a large ratio of the direct sound to the reverberation, the energy of the 

direct sound can be enlarged by the parameter Α with a value bigger than 1. For the speech 

signal that described with the HMM model it can also be considered that, the energy of the 

succeeding state can be enlarged by the parameter A with a value bigger than 1. In the case 

that A is smaller than 1, the energy of the succeeding state is reduced and this reduced en-

ergy is added into the other states averagely.  

Since the D/R ratio of the speech signal reduces against increasing measure distance, the 

value of A should also exhibit a negative slope against measure distance. 
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Figure 39: Value distribution of the parameter Α 

Figure 39 shows the value distribution of A. For the small distance the value of Α distrib-

ute a range larger than 1. For larger distance the distribution range moves, there are more 

values that are smaller than 1. This trend agrees with the analyzed suppose well. The mean 

value of each distribution of Α is calculated to prove this trend.  
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The mean values of the distributions are recorded in the following figure.   
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Figure 40：Mean value of the A distribution 

 

As shown in Figure 40, the mean value decreases against the distance. It can be proved that 

Α has enlarged the dominant energy in each case. According to the routine that mentioned 

before, with Α larger than 1, the energy of the direct sound is strengthened; with A smaller 

than 1, the energy of reverberation gets strengthened. This means the recognition of signal 

measured at small distance can be adapted by Α with a value larger than 1; and for larger 

distance the parameter Α with a value smaller than 1 is needed.  
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5.4 Experiments with the Altered T60 Optimization  

The reverberation time T60 is frequency dependent. For the speech signals with unequal  

frequencies, their energy that is absorbed by the wall material of the room is also different. 

This leads to the different T60  for different  frequencies.  

The frequency range of the speech signal is from 20Hz to 20000Hz. For this wide range, 

the T60 of a room can not be the same. In the previous adaptation algorithm, the HMM is 

adapted with just one same T60, which may lead to a little inaccuracy.  

As introduced in Section 2.1, by building MFCCs the speech signals are filtered with 24 

Mel-filters, so that the frequency range of the speech signal is divided roughly into 24 sub-

bands. The frequency range increases with the sub-band number. It is supposed that each 

sub-band can be represented by its central frequency, and there is a proper T60 for each 

sub-band. The signals in different sub-bands are recognized by the adapted algorithm with 

different T60 consequently.  

5.4.1 Experiment with the Improved Adaptation 

The distorted speech signals that measured in meeting room are used to perform the rec-

ognition. The altered recognition algorithm includes not only the optimization of the T60 

for each sub-frequency band, but also the optimization of the energy redistribution pa-

rameter Α that discussed in the previous section. This altered algorithm is named as im-

proved adaptation algorithm in this work. The recognition results are shown in the table in 

bellow.  

Distance (cm) 20 30 50 70 250 300 

Recognition Rate (%) without 
adaptation 

98.99 99.20 97.51 95.58 94.41 93.24 

Recognition Rate (%) with 
adaptation 

98.91 99.20 98.39 97.91 96.82 96.42 

Recognition Rate (%) with 
altered adaptation of Α 

99.12 99.32 98.39 97.99 96.46 96.10 

Recognition Rate (%) with 
improved adaptation  

99.40 99.40 98.75 98.07 97.14 96.74 

Table 11: Recognition rate of all experiments 
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All the recognition results are listed in Table 11. The last row shows the recognition rates 

of the improved adaptation algorithms. It can be seen that the recognition rates at all dis-

tances are improved.  
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Figure 41: Comparison the recognition rate of all experiments 

It can be seen in Figure 41 that the recognition with improved adaptation has the best per-

formance. As discussed, with original adaptation the recognition of the large distance signal 

can be perfected; with altered adaptation the recognition of the small distance signal is im-

proved; and with improved adaptation algorithm the recognition of the distorted speech 

signal at every distance functions better.  

Optimizing the reverberation time T60 for each sub-frequency band improves the recogni-

tion rate distinctly. This means the reverberation time T60 is a significant parameter to the 

adaptation algorithm. 

5.4.2 Relationship Between T60 and Frequency 

According to Function (2.15),  

 60
·c

T
a

V

S
=  
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if the absorption parameter a  is different, the reverberation time T60 could be also different 

for the same room. The absorption parameter is frequency dependent. The Mel-frequency 

band that used in this work is from 0 to 8000Hz, and is divided into 24 sub-bands. The 

results of T60 for each band could also be different.  

A mean value of the T60 for each sub-band can be calculated. The frequency dependence 

can be seen from the variation of mean values, as shown in the figure below. 
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Figure 42: T60 for different frequency-band 
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Figure 42 shows that, for the 24 different Mel-sub-frequency bands, T60 is not the same. 

Generally speaking, the signal with low frequency will be less absorbed and that with high 

frequency will be more absorbed. According to Function (2.15), the estimated T60 is larger 

at low frequency and smaller at high frequency. As confirmed in Figure 43, T60 at the first 

sub-band is the largest and at the 24th sub-band becomes smaller. But this trend is not 

monotonically decreasing.  

 

5.4.3 Reduction of the Computational Cost 

The estimation of T60 for each sub-band leads to a very high computational cost, although 

it can obtain the best recognition rate. The recognition consumes a very long time. In order 

to reduce the computation time, the estimation of T60 can be calculated with reduced steps.  

If the reverberation time T60 is not estimated  for every frequency band, the computation 

time could be reduced. For example, T60 is calculated every 3 or 4 sub-bands. The values of 

T60 for other sub-bands missed by this method can be obtained through interpolation pro-

cedure. 

With the pre-defined function, the interpolation can be realized easily. The function pro-

vides four interpolation methods. They are “nearst”, “linear”, “spline”, ”cubic”. The spline 

method has the best performance. Spline interpolation is preferred polynomial interpola-

tion because the interpolation error can be made small even when using low degree poly-

nomials for the spline. So in this work the spline method is chosen for the interpolation 

procedure.  
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The recognition rates are compared in the figure bellow: 
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Figure 43: Results comparison of the different estimation of T60 

 

It is can be seen in Figure 43 that even the T60 is not estimated for each sub-band, the rec-

ognition can also obtain high performance. This means that T60 is not  a must to estimate 

every time. So according to the practical requirements, the estimation of T60 can be reduced. 

The missed T60 can be obtained  through interpolation. Thus the computation time can 

strongly be reduced.  
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6 Conclusions 

This chapter will provide an overview of the speech recognition system under reverbera-

tion conditions that is introduced and used in this work. The performance of the system 

according to  the previous chapter’s results will be assessed.  

 

6.1 Description of the Robust Speech Recognizer 

Speech recognition, also known as automatic speech recognition, converts spoken words to 

text. Nowadays  most recognition systems are based on statistical speech recognition algo-

rithms. Hidden Markov Models are widely used in many systems,   because a speech signal 

can be viewed as a piecewise or a short-time stationary signal. In a short-time, speech can 

be approximated as a stationary process. Speech can be considered as a Markov model for 

many stochastic purposes.  

The HMMs are  easy and feasible to realize with computer and can trained automatically. 

In speech recognition, the HMMs would output a sequence of vectors. The vectors   con-

sist of a set of cepstral coefficients  from feature extraction.  

Transforming the input data into the set of features is called feature extraction.  This pro-

cedure in speech recognition is standardized by ETSI. The purpose of feature extraction is 

to use Mel-Frequency-Cepstral-Coefficients to represent the segments of the speech signal. 

It can be obtained by taking a Fourier transform of a short time window of the speech and 

decorrelating the spectrum using a cosine transform, then taking the most significant coef-

ficients.  

In each state,  the Hidden Markov Model will tend to have a statistical distribution that is a 

mixture of diagonal covariance Gaussians which will give a likelihood for each observed 

vector. Each word or phoneme will have a different output distribution. a HMM for a se-

quence of words or phonemes is made by concatenating the individual trained Hidden 

Markov Models for the separate words and phonemes.  
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The basic recognition system can be built as introduced above. But the recognition envi-

ronment is mostly not ideal, e.g., contains reverberation or background noise. The basic 

recognition system should be adapted under the distorted condition.  

The recognition system  used in this work is built with adapted recognition algorithm to 

conquer the influences of reverberation. The adaptation of  reverberation influences is real-

ized by the modifying the HMMs of the reference model. It is based on the assumption 

that the HMMs of the reference model are trained with the clean speech signal.  

Due to the reverberation, the transmitted speech signal will have a decaying with the de-

scription of HMMs. This decaying of HMM is called reverberation tail this reverberation 

tail can be created artificially with the adaptation algorithms. The robust recognizer system 

to adapt the reverberation influences can be created by using the adaptation algorithms.  

 

6.2 The Adaptation Algorithms 

The approach to conquer the influences of reverberation is  to adapt the static parameters 

of HMMs to the reverberation signals of a hands-free input. An estimation of the rever-

beration time is needed as the only parameter for performing the adaptation. 

The speech segment contains a certain acoustic excitation with a defined energy. It is sup-

posed that the energy decaying of a room impulse response has an exponential contour. 

The energy of the present state in a HMM  contributes to the succeeding state. A weighting 

factor has been defined to describe the energy contribution in a succeeding state due to the 

excitation in the previous state. With the estimated reverberation time T60, the contribution 

factors can be calculated for all states of all HMMs.  

The energy decaying of a state can be represented by the room impulse response. Due to 

the different measure distances of the speech signal, the energy decaying of a state is also 

different. The weighting factor should be modified to adapt the different energy decaying. 

A new parameter Α is defined to achieve this energy redistribution by modifying the 

weighting factor.  

 



Conclusions 72
 

 

The reverberation time T60 is actually frequency  dependent. The speech signal has roughly 

divided into 24 sub-frequency bands  according to feature extraction. For each sub-band a 

reverberation time T60 can be estimated for the adaptation. With the proper T60 for each 

sub-band, the recognition rate can be improved 

 

6.3 Recognition Results 

 The recognition result for the distorted signal that is influenced by the reverberation is 

improved using the adaptation algorithm, especially for the signal that contains more re-

verberation influences.  

  The energy contribution of the speech segments can be redistributed with the parameter 

A. By means of modifying the energy distribution, the adapted HMMs are more similar to 

the HMMs of the distorted signal. The recognition rate has been improved further. 

Given the frequency dependence of T60, a proper T60 has been estimated for each sub-Mel-

frequency band in the adaptation algorithm  by which the recognition rate can be totally 

improved. With the reduced estimation of T60 and the interpolation method, the computa-

tion cost can be reduced; and the recognition can also have good  outcomes.  

The performance of speech recognition systems is usually specified in terms of accuracy 

and speed. the accuracy of the recognition system under reverberation conditions can be 

improved efficiently With the adaptation algorithms, While the recognition speed can be 

reduced into an acceptable level through appropriate procedures.  
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Abbreviation 

 

MFCC Mel Frequency Cepstral Coefficient 

HMM  Hidden Markov Model 

PMC  Parallel Model Combination 

RIR  Room Impulse Response 

MLS  Maximum Length Sequences 
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Accessory 1 Routine for estimation of Α 
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Accessory 2   Routine for study the frequency dependence of T60 
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