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Abstract 
 
The objective of this Master Degree Project was to evaluate the performance of two 
commercial speech recognisers in noisy conditions. In addition, they were compared 
to an enhanced standard reference speech recogniser, referred to as the Aurora 
reference recogniser. 
The evaluation material was Aurora 2.0, a noisy speech database, designed to 
evaluate the performance of speech recognition systems in noisy conditions, such as 
real life. The source speech in this database is the TIDigits database, which consists 
of digit sequences spoken by American English talkers. 
The Aurora package also includes speech recognition tools that can be used to 
produce reference recognition results. The reference recogniser enhanced with a noise 
robust feature post-processing algorithm was developed with the aid of these tools. 
Two commercial recognisers were evaluated, commercial recogniser #1 and #2. 
The results show that for clean speech signals the word accuracy was about the same, 
for all three. In noisy conditions (SNR = 20->0 dB) the results were: Aurora ref. = 
91,51 %, Commercial recogniser #1 = 83,75 % and Commercial recogniser #2 = 
65,02 %. 
The commercial recogniser that performed best in this evaluation is without doubt 
recogniser #1. 
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Chapter 1 

 

Introduction 
 
Speech recognition is today a quite common element in our lives. Cellular phones, 
computers, telephone services and many more products use speech recognition. In 
other words there exists a lot of commercial speech recognition systems. The 
services provided by these systems work very well in friendly conditions. However, 
the presence of noise normally degrades the performance of speech recognition, 
therefore it is very important that a speech recogniser in some way deals with 
possible interfering noise.   
A large amount of work has therefore been spent in this area and there exist a lot of 
algorithms that improves the speech recognisers’ performances in noisy conditions. 

 
1.1 Objective 
 
The objective of this Master Degree Project was to evaluate the performance of two 
commercial speech recognisers in noisy conditions. In addition, they were compared 
to an enhanced standard reference speech recogniser. 

 
1.2 Tools 
 
The following equipment and tools were used: 
 
•  Computers, DELL GX-240, Pentium IV. 
•  The Aurora 2.0 package 
•  MatLabTM v6.1. 
•  The HTK Software 

 
1.3 Outline of the report 
 
In chapter two the theory behind automatic speech recognition is given. Feature 
extraction, training and recognition are described and the Aurora package is 
presented. The next chapter deals with noise robust speech recognition and presents 
two approaches for speech enhancement. Chapter four describes the enhanced 
version of the Aurora reference feature extractor and the two evaluated speech 
recognisers. In the last two chapters the results and conclusions of this Master Degree 
Project are stated. 
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Chapter 2 

 

The theory of speech recognition 
 
2.1 The speech signal 
 
A speech signal is a pressure wave generated by the human speaking organs. It 
consists of tiny fluctuations in the air pressure, which can travel in three dimensions 
with a propagation velocity of ~345 m/s (depending on the temperature). 
The structure and mechanisms of the organs that produces a speech signal are very 
complex and therefore hard to model, but the produced signal can be described as a 
mixture of frequencies with different strengths. 

 
 

 Figure 1: An utterance from the Aurora database (5376869), plotted in time and frequency domain. 

 
2.2 Automatic Speech Recognition 
 
The research in Automatic speech recognition (ASR), is relatively young. The first 
attempts were made in the late 40:s. The first commercial automatic speech 
recognition system was presented in 1973 and could recognize 100 different words. 
The research has come a long way since then, much thanks to the computer resources 
and new program techniques of today. But the human auditory system is still superior 
to the must powerful speech recognition systems available today. 
 
So, is ASR useful in the real world and why is it an important research topic? Here 
are some arguments in favor of ASR: 
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•  It gives a physiological advantage since the communication is on the human 
conditions, not the machine. 
 
•  The hands and eyes can perform other duties, and with a wireless microphone the 
operator can move freely in the room.  
 
But in order to achieve acceptable recognition results, limitations are often 
introduced: 
 
•  A limited vocabulary and grammar gives better performance. 
 
•  No more than one user at the same time. 
 
 

 
 

Figure 2: A typical speech recognition system. 

 
2.2.1 Feature extraction 
 
The first step of the speech recogniser in figure 2 is the feature extraction. The 
acoustic speech signal is segmented into frames and for each frame a feature vector is 
calculated. The feature vector consists of parameters that represent the characteristics 
of the speech signal. The feature extraction is done for the following reasons: 
 
•  The amount of data is decreased. 
 
•  If correctly chosen the parameters can somewhat suppress the characteristics of 
dialects, the background noise and the transmission channel.  
 
•  Certain characteristics that are useful in order to separate words or phonemes can 
be emphasized. 

 
2.2.2 Classification 
 
The second step in figure 2 is the classifier. Two basic approaches are presented here. 
The first and most simple one, is the reference sequence comparison. Here every 
word or phoneme in the vocabulary has a reference sequence, which the feature 
vector is compared to, see figure 3. 
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Figure 3: Comparison of the time variation of the recorded speech signals feature vector, to the reference 
pattern (the pre-calculated feature vector), (Blomberg M and Elenius K, 2002). 
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The reference sequence that best matches the feature vector sequence is chosen. If 
the best match is not good enough the computer can also choose not to accept it. 
The second and most widely used approach can be denoted as statistical model 
matching. Here each phoneme or word has its own statistical model. The most 
commonly used statistical method is Hidden Markov Models, HMM. 

 
2.2.3 Hidden Markov Models 
 
Hidden Markov Models (HMM) have a number of advantages: 
 
•  They have a very simple mathematical structure. 
 
•  The models can be automatically adapted by given training data. 
 
•  The structure can describe very complicated pattern sequences. 
 
In the HMM method the speech signal is considered as a Markov process. This 
means that the recorded utterance is viewed as a result of a generation process 
consisting of a sequence of states. The current state depends only on the previous 
state, i.e. the process has no memory. The probability to switch state is denoted as 
state transition probability (see figure 4). A complication is that the state sequence 
cannot be observed directly. Only observations that have a statistical relation with the 
models state can be done. The probability to make a certain observation in a specific 
state is called the observation probability. Then the probability for that a certain 
model has generated the observed sequence, can be calculated (Leijon A, 2001). This 
is why it is called Hidden Markov Models. A HMM is defined exactly by these three 
quantities: 
 

• 0p = Initial state prob. distribution vector, with elements: )()( 10 jSPjp ==  

 

• A = State transition matrix, with elements: )|( 1 iSjSPa ttij === −  

 

• B = Conditional observation prob. density functions: )|()( | jxfxb
tt SXj =  

 
Where S is the state, t the time index, i and j are state indexes and x the observable 
output sequence. 
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Figure 4: A simple Markov process. The circles are states and the arrows indicate transitions between the 
states with the given transition probabilities (Blomberg M and Elenius K, 2002). 
 
The training of the HMM is usually done with a recursive method named Baum-
Welch re-estimation (Leijon A, 2001). The observation probabilities are usually 
described by Gaussian distributed functions. It is common to use several weighted 
Gaussians, with different averages and variances, in order to describe the probability 
functions (see figure 5). This is used in the training and recognition section in the 
Aurora package. 
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Figure 5: Three weighted Gaussian functions that form a probability function. 

 
2.3 Aurora 
 
Aurora 2.0 is a noisy speech database, designed to evaluate the performance of 
speech recognition systems in noisy conditions. It can be used either for evaluating 
front-end feature extraction algorithms, using a defined HMM recognition back-end, 
or for evaluating complete speech recognition systems. The source speech in this 
database is the TIDigits database (Leonard R.G., 1984), which consists of digit 
sequences spoken by American English talkers. Eight different real-world 
background noises have been added to the speech at different signal to noise ratios 
(SNRs). 
The Aurora package also includes speech recognition tools that can be used to 
produce reference recognition results. The feature extraction part is a shell script that 
uses a C-program, which produces Mel Frequency Cepstral Coefficients (MFCC), 
see: (The HTK Book (Young S et al, 2000), section 5.4). 
The training and recognition part are shell-scripts using the HTK software package 
(Young S et al, 2000). 

 
2.3.1 Noise adding 
 
The TIDigits database is the basis of Aurora. It contains digits sequences of up to 
seven digits recorded in clean environment. The signal is down sampled from 20 kHz 
to 8 kHz (telephone bandwidth) with an ideal low-pass filter. These data are 
considered as “clean” data. 
In order to achieve the realistic frequency characteristics of terminals and 
telecommunication equipment additional filtering is applied to the data. Two 
standard frequency characteristics are used (ITU recommendation G.712, 1996), 
G.712 and MIRS. 
Different noises are added to the filtered TIDigits at six different SNRs. The noises 
are selected to represent the most common places for telecommunication. The noises 
have been recorded at these locations: 
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•  Suburban train 
•  Crowd of people (babble) 
•  Car 
•  Exhibition hall 
•  Restaurant 
•  Street 
•  Airport 
•  Train station 

 
 
Figure 6: Plots of the long-term frequency characteristics of the noises. 
 
The plots of the long-term spectrums in figure 6 do not tell anything about the 
stationarity of the noises. Some noises are fairly stationary, such as the car noise and 
the exhibition hall noise. Others contain non-stationary segments, for example the 
street and the airport noises. In speech signals the major part of the energy is 
concentrated in the lower frequency regions. As can be seen in figure 6, some of the 
noises have quite similar spectra. 
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2.3.2 Definition of the training sets 
 
The Aurora 2.0 database provides two different training sets: 
 
•  Clean training, training on clean data only. 
 
•  Multi-conditional training, i.e. training on clean and noisy data. 
 
The advantage of training on clean data only, is the modeling of speech without 
distortions. Such models are best suited to represent all available information in a 
clean speech signal. High recognition results are then obtained on clean speech 
signals. But if the speech signal is distorted, multi-conditional training will yield the 
best results, since the noise is then taken into account in the models. 
 
The clean training mode consists of 8440 utterances selected from the training part of 
the TIDigits, which contains the recordings of 55 male and 55 female adults. These 
signals are filtered with the G.712 characteristics without noise added. 
In the multi-conditional training mode the same 8440 utterances are taken. They are 
equally split into 20 subsets, each containing a few utterances of all training 
speakers. The 20 subsets represent four different added noises at five different SNRs. 
The noises are: 
 
•  Suburban train 
•  Babble 
•  Car 
•  Exhibition hall. 
 
The SNRs are 20dB, 15dB, 10dB, 5dB and the clean condition. Speech and noises 
are filtered with the G.712 characteristics before they are added together. 

 
2.3.3 Definition of the test sets 
 
The Aurora 2.0 database consists of three test sets: 
 
•  Test A 
 
•  Test B 
 
•  Test C 
 
The three different test sets consists of 4004 utterances from 52 male and 52 female 
speakers.  The utterances are split into four subsets with 1001 utterances in each. 
Recordings of all speakers are present in each subset.  
A noise signal is added to each at six different SNRs, 20dB, 15dB, 10dB, 5dB, 0dB 
and –5dB. Furthermore the clean case is taken as a seventh condition. Again speech 
and noise are filtered with the G.712 characteristic before adding. 
 
In test set A, the noises added to the four subsets are: 
 
•  Suburban train 
•  Crowd of people (babble) 
•  Car 
•  Exhibition hall 
 
In total, this set consists of 4 times 7 times 1001 = 28028 utterances. The added 
noises are the same as those in the multi-conditional training, which leads to a high 
match of training and test data. 
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Test set B, is created in exactly the same way, but using the four different noises: 
 
•  Restaurant 
•  Street 
•  Airport 
•  Train station 
 
 In this case there exists a mismatch between training and test data also for the multi-
conditional training. This will show the influence on recognition when considering 
different noises than the ones used for training. 
 
The third test set, C, contains 2 of the 4 subsets with 1001 utterances in each. This 
time speech and noise are filtered with a MIRS characteristic instead of G.712. The 
added noises are: 
 
•  Suburban train 
•  Street 
 
This set is intended to show the influence on recognition performance when a 
different frequency characteristic is present at the input of the recogniser. 
 
Worth mentioning is also the fact that the material only consists of digits is very 
good when evaluating and comparing the acoustic front-end of different speech 
recognisers. The digits sequences are random and therefore have no special structure. 
This means, unless the speech recognisers are specialized in digit recognition, that 
the comparison will be fair. 

 
2.3.4 The Front-end feature extractor, MFCC 
 
As mentioned earlier the Aurora package also includes a reference front-end feature 
extractor. This front-end uses MFCC, Mel Frequency Cepstral Coefficients (The 
HTK Book (Young S et al, 2000), section 5.4).  
The cepstral coefficients c0 - c12 are determined for a speech frame of 25 ms with 10 
ms frame shift. Further details of the cepstral analysis are: 
 
•  Signal offset compensation with a notch filtering operation.  
 
•  Pre-emphasis with a factor of 0.97. 
 
•  Application of a Hamming window. 
 
•  FFT based Mel spaced filter bank with 23 frequency bands in the range of 64 Hz up 
to half the Nyquist frequency. 

 
2.3.5 The HTK reference recogniser 
 
The reference training and recognition system uses the HTK software package 
(Young S, et al, 2000). The parameters are defined to compare the recognition results 
when different feature extraction algorithms are applied. 
The digits are modeled as whole word HMMs (see section 2.3) with the following 
parameters: 
 
•  Sixteen states per word (resulting in 18 states in HTK notation with two dummy 
states at the beginning and the end). 
•  Simple left-to-right models without skips over states. 
•  Mixture of three Gaussians per state. 
•  Only the variances of all acoustic coefficients (no full co-variance matrix). 
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The vector size is set to 39 using the cepstral coefficients c0 - c12 plus the 
corresponding delta and acceleration coefficients, i.e the time derivative and second 
time derivative of the cepstral coefficients. The vector size can be changed if using 
an alternative front-end. 
 
Two pause models are also defined. The first one called “sil”, consists of three states 
and models the pauses before and after the utterance. Each state is a mixture of six 
Gaussians. The second model is called “sp” and models the pauses between words. It 
has a single state, which is tied (Blomberg M and Elenius K, 2002) with the middle 
state of the “sil” model. 
 
The training is performed in several steps using the Baum-Welch re-estimation 
algorithm (HTK tool HERest): 
  
•  Initialize all word models and the three-state pause model with the global means 
and variances (determined with HcompV). Word and pause models contain only one 
Gaussian per state in this initialization stage. 
 
•  Three iterations of the Baum-Welch re-estimation with the pruning option “–t” of 
HERest set to “250.0 150.0 1000.0” 
 
•  Introduce the inter word pause models, increase the number of Gaussians to two for 
the three-state pause model and apply three further iterations of the Baum-Welch re-
estimation. 
 
•  Increase the number of Gaussians to two for all states of the word models, increase 
the number of Gaussians to three for all states of the pause model and apply three 
further iterations of the Baum-Welch re-estimation. 
 
•  Increase the number of Gaussians to three for all states of the word models, 
increase the number of Gaussians to six for all states of the pause models and apply 
seven further iterations of the Baum-Welch re-estimation. 
 
During recognition an utterance can be modeled by any sequence of digits with the 
possibility of a “sil” model at the beginning and at the end, and an ”sp” model 
between two digits. 

 
2.3.6 Confirmation of the Aurora recogniser system 
 
In order to be sure that the recognition tools of the Aurora database has been copied, 
edited and compiled correctly, the generated recognition results must be matched 
against the reference recognition results, which are included in the Aurora package. 
After preliminary problems with the settings in the shell scripts, the recognition 
results matched. These problems are stated below in the case of other future works 
on Aurora. 
The operating system running Aurora was in this case Linux, which has little-endian 
byte ordering. Since the speech sample files in the database are stored with big-
endian this must be taken to account when editing the scripts according to the 
Readme files. In this case the "-swap" option must be included in the call to 
FrontEnd, so that the byte ordering in the speech samples files are reversed. 
The constant “NativebyteOrder” in the source file “FrontEnd.c” must also be set to 
“ILLE”(little-endian) since Linux uses little-endian byte ordering. 
If one encounters problem with getting the proper recognition results, it could be 
wise to edit the scripts so that only a fraction of the speech samples files are used, 
since the whole process of feature extraction, training and recognition takes several 
hours to complete on a modern computer. 
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Chapter 3 

 

Noise robust recognition 
 
As can be seen in chapter five, the word accuracy of speech recognition systems of 
today is very high in clean conditions, i.e. when the noise strength is very low or can 
be neglected. But when the speech signal is distorted by acoustic environmental 
influences such as noise or background speech, the results deteriorates significantly. 
To be called noise robust a speech recogniser’s performance should be as 
independent of environmental disturbances as possible. 
The disturbances can be divided into two groups: 
 
•  Additive noise, usually background disturbances 
 
•  Convolutional noise, often introduced by the transmission channel. 

 
3.1 Speech enhancement 
 
The problem of recognizing strongly distorted speech can be considered a major 
challenge of today, in the speech recognition research area. A large amount of work 
has been done in this area, resulting in many different algorithms and approaches. 
Nevertheless the advances have not been grand, when comparing to the human 
performance. 
The majority of all speech enhancement algorithms attempt to estimate the noise in 
the noisy speech signal and then subtract it. In the case of perfect noise estimation 
this would solve the problem, but estimating the noise signal is very difficult. Many 
methods may work fine with one type of noise but fail with other types. This applies 
particularly well to the case of stationary and non-stationary noise. Since the 
characteristics of non-stationary noise changes in time it is much harder to obtain a 
good estimate. In the next sections, two approaches that I have been reviewing but 
not been able to implement, are presented. 

 
3.1.1 Standard spectral subtraction 
 
The most common and obvious method is spectral subtraction (Boll S.F., 1979). An 
estimate of the clean speech power spectrum is obtained by subtracting an estimate 
of the noise power spectrum from the observed noisy speech power spectrum. The 
noise estimation can be done in many ways. Most common is that each time frame in 
the speech signal is classified as either speech or non-speech (Voice Activity 
Detection, VAD). The noise estimate is then calculated from the non-speech frames. 
The disadvantage of this approach is low robustness due to bad speech/non-speech 
detection. A different and more noise robust approach that does not need VAD is the 
use of the so-called Quantile based noise estimation (Stahl V et al, 2000). 

 
3.1.2 Quantile based noise estimation 
 
In standard spectral subtraction the implementation of a VAD is the toughest 
challenge. Another disadvantage of VAD is that the noise estimate cannot be updated 
during speech-classified frames. This will result in a poor noise estimate if the noise 
is non-stationary, which often is the case in real-world conditions. 
A novel method called Quantile-based noise estimation (Stahl V et al, 2000) & 
(Evans N.W.D. et al, 2002) solves the problem of VAD. The method is based on the 
assumption that during speech periods, not all frequencies are occupied by speech, 
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i.e. in a significant percentage of the time, the energy in each frequency band is on 
the noise level, see figure 7. 

 
Figure 7: Quantiles of the energy distribution in a typical noisy speech signal for the frequencies 750, 
1500 and 3000 Hz. 
 

This observation can be used to estimate a noise power spectrum, )(ˆ wN  from all the 

frames in a speech signal. This is done by, for each frequency w, sort the last T 
frames X(w,t) in ascending order, i = 0,1,..,T-1: 
 

1,,1,0),,( 0 −=− TtttwX Κ  (1) 

 

),(),(),( 110 −≤≤≤ TiwXiwXiwX Κ  (2) 

 
The estimate of the power spectrum is then derived as: 
 

),()(ˆ
)1( −= TqiwXwN  (3) 

 
According to our assumption the quantiles with least energy should contain only 
noise energy, since the speech is assumed to be stronger than the noise. The noise 
estimate is then calculated by, for each frequency, looking at the sorted frames and 
selecting one of them as the estimate. At first it may seem logical to choose q = 0, i.e. 
choosing the first sorted frame, since the probability of speech presence is smallest 
there. But for robust estimation the median is often chosen, i.e. q = 0.5, which gives a 
better estimate. The choice of q = 0.5 can be understood by comparing figure 7 and 
8. 
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Figure 8: Quantiles of the energy distribution in a typical clean speech signal for the frequencies 750, 
1500 and 3000 Hz 
 
Comparing figure 7 and 8 shows that the clean speech signal has practically no 
power in the quantiles up to q = 0.6. This indicates that during ~60 % of the time the 
energy is zero in these frequencies. Which means, if you look at figure 7, that only 
the noise is present, up to q = 0.6, i.e. it should be possible to make a good estimate 
of the noise. 
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Chapter 4 

 

Evaluated speech recognisers 
 
The main goal of this project was to evaluate the performance of some of the leading 
commercial speech recognisers, with aid of the Aurora 2.0 noisy speech database. In 
order to see how far the research in the commercial area has come compared to the 
academic research, an extended version of the Aurora reference speech recognition 
engine has been developed. 

 
4.1 The enhanced Aurora reference recogniser 
 
The reference speech recogniser included in Aurora is described in sections 2.3.3 and 
2.3.4. In order to improve the performance, the features produced by the MFCC 
front-end have been processed with a low-resource noise-robust feature post-
processing algorithm (Chen C-P. et al, 2002). Unlike many other algorithms that try 
to increase the word accuracy, this algorithm is extremely simple and fast. It works 
well on all kinds of noises. It is entirely general because it makes no assumptions 
about the presence, characteristics and strength of noise in the speech signal. In brief, 
a simple and efficient algorithm. 

 
4.1.1 Description of the feature post-processing algorithm 
 
The processing is performed in the cepstral domain, i.e. on the cepstral coefficients 
produced by the MFCC front-end. The algorithm can easily be divided in three steps, 
mean subtraction, variance normalization and ARMA-filtering (see figure 9). The 
results of the algorithm, is normalization and smoothing of the cepstral coefficients 
time sequences (see figure 10). 
 

 
 
Figure 9: Block diagram of the feature post-processing algorithm. Abbreviations are: FE – feature 
extraction, MS – mean subtraction, VN – variance normalization and ARMA – auto regressive moving 
average filtering. 
 
For every utterance the Aurora front-end produces a matrix C, describing the cepstral 
coefficients in time. In other words, Ctd is the dth coefficient at time t = 1,…,T. The 
number of feature vectors are d = 1,..,D. The first step, standard mean subtraction 
(MS), can then be defined as: 
 

dtdtd CC µ−=′  (4) 

 
The mean is calculated as: 
 

∑
=

=
T

t
tdd C

T 1

1µ  (5) 
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The next step is the variance normalization (VN): 
 

d

dtd

d

td
td

CC
C

σ
µ

σ
−=

′
=  (6) 

 
The variance is calculated as: 
 

∑
=

−=
T

t
dtdd C

T 1

2)(
1 µσ  (7) 

 
The third and last step is the ARMA-filtering. As can be seen in equation 8, ARMA 
filtering is synonymous with low-pass filtering, i.e. the task of the ARMA–filter is to 
remove small spikes and smoothen the cepstral coefficients time sequences. 
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The order M of the ARMA-filter is a parameter that can be used to tune the 
performance. The higher the value of M, the more points will be incorporated in the 
averaging, leading to a stronger smoothing effect, i.e. a narrower low-pass filter. 

 
4.1.2 Analysis of the algorithm 
 
The first two steps, defined in equation (4)-(7), perform normalization of the cepstral 
time sequences, and third and final step smoothens the time sequences. In figure 10 
the effect can be seen clearly. Before the processing, the patterns with low SNR 
differ substantially from the clean pattern. But afterwards the range and relative level 
of the patterns in the different SNR-levels are approximately the same. 
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Figure 10: The time sequence of the cepstral coefficient c1, extracted from the digit string “5376869”, at 
different SNRs, before and after processing. The ARMA-filter’s order is M = 3. 
 
The two first steps are straightforward and no trade-offs and compromises have to be 
made. The third step however, introduces some room for tuning of the performance. 
The ARMA-filter is a non-causal low-pass filter that smoothes out spikes in the time 
sequence. The idea of smoothing spiky time sequences seems quite natural.  
In clean speech, spikes are more likely to contain important information about the 
speech utterance, than in noisy speech, where a spike is more likely to be caused by 
noise. This reasoning leads to a trade-off when choosing the order M of the filter. A 
large M will remove all short-term information, such as noise spikes, but probably 
also short-term cepstral information. A small M would preserve the short-term 
cepstral information better, but on the other hand it would also preserve possible 
noise. 
The extreme case M >> 1 gives the poorest performance with both noisy and clean 
speech. The other extreme case M = 0 will not degrade the time sequences but for 
noisy speech there will be no improvement. This suggests that the order M, of the 
ARMA-filter should be a small positive integer. Equation (8) can be rewritten as: 
 

dMttddMtdttd CCCCCM )()()1(
ˆˆˆ)12( +−− ++=−−−+ ΚΚ  (9) 

 
This leads to that the frequency response of the ARMA filter, can be described 
mathematically as; 
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using the z-transform, where jwez = . 
 
In figure 11 the ARMA-filter is graphically presented, with its gain and phase shifts. 
 

 
Figure 11: Plot of the phase and gain of the ARMA filter, with M = 4. Since the frame shift of the FFTs in 
the feature extraction are 10 ms, 1 Hz in normalized frequency will correspond to 100 Hz in the cepstral 
modulation domain. 

 
4.1.3 Settings 
 
The settings of the reference recogniser are stated in sections 2.3.3 and 2.3.4. 

 
4.1.4 Evaluation realization 
 
The program “FrontEnd”, which is included in the Aurora package, performs the 
feature extraction. The algorithm described in the previous section then processes the 
features. After that the training and recognition is performed with shell-scripts, that 
are also included in the Aurora package. The scripts use the HTK software to 
perform the training, recognition and result compilation. 
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4.2 Commercial speech recognisers 
 
Since the two commercial speech recognisers that have been evaluated have almost 
the same grammar structure and a test program that works in the same way, they are 
described together, in order to avoid redundant information. 

 
4.2.1 Settings 
 
The commercial speech recognisers of today are often providing programmable 
interfaces to the core speech recogniser programs, in order for customers to write 
their own speech recognition applications. Since it should be as simple as possible 
for the customers to do this, predefined language models are provided. The digit 
sequences in Aurora are spoken by American English talkers. Therefore the 
American English language models are used in the evaluation of these speech 
recognisers. The recognisers were also adjusted to reject no input. All other options 
were left untouched, i.e. they were set to their default values. 

 
4.2.2 Grammar 
 
A grammar is a set of rules that determines which utterances the speech recogniser 
should be able to understand. In this case the possible words in an utterance are: 
 
•  “oh”, “zero”, “one”, “two”, “three”, “four”, “five”, “six”, “seven”, “eight”, “nine”.  
 
Since the digits sequences have different lengths and content the grammar must 
describe all possible digit sequences. This can easily be done with these speech 
recognisers’ grammar syntax. Including all possible digit strings in the grammar 
might reduce the performance of the recognisers, but that should not be a problem if 
they are well designed. It also provides a fair condition for comparison with the 
reference recogniser, since it also can recognize any digit string. 

 
4.2.3 Evaluation realization 
 
The evaluation is performed with the aid of a program that takes a sound file and 
runs recognition on it. The results are then presented on the screen. In order to use all 
test material provided in Aurora a shell-script has been written. It runs the test 
program for every test file in Aurora and then pipes the results to a file. Each file 
then contains the results for every speech signal in a specific subset (see section 
2.3.2). 
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Chapter 5 

 

Results 
 
The results in this section are presented as word accuracies (11): 
 

N

IH

N

IDSN
accuracyWord

−=−−−=  (11) 

 
N is the total number of words, S substitutions, D deletions, I insertions and H the 
number of correctly recognized words. 
 
The number of utterances in Test A, B and C are: 28028, 28028 and 14014. 
Therefore Test C has half the weight compared to A and B in the averaging. 
Furthermore the number of words in the four subsets differs. The numbers of words 
are: 3257, 3308, 3353 and 3241, but since the differences are so small this fact is not 
taken into account. 

 
5.1 Reference recogniser 
 
The results for the Aurora reference recogniser without and with the described 
feature post-processing algorithm.  

 
5.1.1 Auroras original reference recogniser  
 
The recognition results for the original reference recogniser, in word accuracies: 
 
Clean training: 
 

SNR/dB Test A Test B Test C Total 
Clean 99,05 99,05 99,19 99,08 

20 94,45 92,06 95,65 93,73 
15 85,02 79,49 89,81 83,77 
10 63,85 56,20 76,65 63,35 
5 35,76 29,98 50,34 36,36 
0 15,38 13,72 23,30 16,30 
-5 9,21 8,86 11,66 9,56 

Avg. 0-20 58,89 54,29 67,15 58,70 
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Multi-conditional training: 
 

SNR/dB Test A Test B Test C Total 
Clean 98,63 98,63 98,57 98,61 

20 97,78 97,25 96,92 97,39 
15 97,02 96,07 96,12 96,46 
10 94,68 93,64 93,58 94,04 
5 87,00 85,73 84,14 85,92 
0 57,58 61,74 50,44 57,81 
-5 23,60 27,17 21,44 24,59 

Avg. 0-20 86,81 86,88 84,24 86,33 
 
Figure 12: Word accuracies in percentage. Top: Clean training. Bottom: Multi-conditional training. 

 
5.1.2 Auroras reference recogniser with feature post-
processing algorithm 
 
The recognition results for the Aurora reference recogniser with a feature post-
processing algorithm, in word accuracies: 
 
Clean training (M = 5): 
 

SNR/dB Test A Test B Test C Total 
Clean 98,49 98,49 98,44 98,48 

20 95,96 96,02 95,89 95,97 
15 92,74 93,60 92,93 93,12 
10 86,23 87,93 86,99 87,06 
5 73,87 74,84 75,90 74,66 
0 51,08 51,66 52,63 51,62 
-5 25,68 24,83 26,36 25,47 

Avg. 0-20 79,97 80,81 80,87 80,49 
 
 
Multi-conditional training (M = 2): 
 

SNR/dB Test A Test B Test C Total 
Clean 98,38 98,38 98,45 98,39 

20 98,42 98,39 98,27 98,38 
15 97,72 97,77 97,58 97,71 
10 96,07 96,22 95,61 96,04 
5 91,18 90,65 90,65 90,86 
0 75,16 73,52 75,47 74,57 
-5 43,69 41,14 44,08 42,75 

Avg. 0-20 91,71 91,31 91,51 91,51 
 
Figure 13: Word accuracies in percentage. Top: Clean training (M = 5). Bottom: Multi-conditional 
training (M = 2). 
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Figure 14: Word accuracies in percentage. This figure illustrates the effect of the feature post-processing 
algorithm. 
 
 
The optimal order of the ARMA-filter was found by comparing the results when 
using ARMA-filters with orders from M = 0 to M = 10. 
 
Clean training: 
 

Order  M = 0 M = 1 M = 2 M = 3 M = 4 M = 5 M = 10 
Clean test 99.07 99.08 99,03 98.94 98.83 98,48 92.98 
Noisy test 75.08 77.65 79,12 79.75 80.36 80,49 71.05 
Noisiest test 13.24 16.27 19,44 21.87 23.79 25,47 29.28 
 
Multi-conditional training: 
 

Order  M = 0 M = 1 M = 2 M = 3 M = 4 M = 5 M = 10 
Clean test 98.17 98.14 98,39 98.10 97.83 97,36 91.00 
Noisy test 90.19 91.08 91,51 91.25 90.38 89,55 80.81 
Noisiest test 34.33 39.02 42,75 43.98 42.79 42,09 32.32 
 
Figure 15: Comparison between different orders of the ARMA-filter. Columns are: Clean test (average 
over the clean conditions), noisy test (average over conditions with SNR=20->0) and noisiest test 
(average over the conditions with SNR=-5). Top: Clean training. Bottom: Multi-conditional training. 
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5.2 Commercial recogniser #1 
 
The recognition results for Commercial recogniser #1, in word accuracies: 
 
Noise reduction disabled: 
 

SNR/dB Test A Test B Test C Total 
Clean 99,41 99,41 99,39 99,41 

20 98,36 98,59 98,15 98,41 
15 96,73 97,17 96,58 96,87 
10 89,74 91,80 89,69 90,55 
5 68,39 76,09 70,99 71,99 
0 36,44 45,37 41,57 41,04 
-5 15,09 19,18 17,96 17,30 

Avg. 0-20 77,93 81,80 79,40 79,77 
 
Noise reduction enabled: 
 

SNR/dB Test A Test B Test C Total 
Clean 99,40 99,40 99,36 99,39 

20 98,47 98,53 98,21 98,44 
15 97,06 97,26 96,89 97,10 
10 92,09 92,39 92,29 92,25 
5 77,18 79,50 80,18 78,70 
0 48,83 53,93 55,82 52,27 
-5 20,17 23,98 26,19 22,90 

Avg. 0-20 82,73 84,32 84,68 83,75 
 
 
Figure 16: Word accuracies in percentage. Top: Noise reduction disabled. Bottom: Noise reduction 
enabled. It is obvious that the noise reduction has a positive impact on the recognition in the noisy 
conditions. 

 
5.3 Commercial recogniser #2 
 
The recognition results for Commercial recogniser #2, in word accuracies. 
 

SNR/dB Test A Test B Test C Total 
Clean 98,60 98,60 98,35 98,55 

20 93,22 94,64 91,57 93,46 
15 84,97 87,93 82,79 85,71 
10 68,95 74,01 66,64 70,51 
5 46,41 51,97 46,16 48,58 
0 24,68 29,45 25,88 26,83 
-5 10,72 13,53 12,09 12,12 

Avg. 0-20 63,64 67,60 62,61 65,02 
 
Figure 17: Word accuracies in percentage. No noise reduction options exist. 
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5.4 Comparison of the recognisers 
 
A comparison of the three recognition systems, with their best possible performance. 
That means that the Aurora reference is trained with multi-conditional training set, 
and that the order of the ARMA-filter is M = 2. That Commercial recogniser #1 has 
noise reduction enabled. For Commercial recogniser #2 there is only one test 
condition to consider. 
 

SNR/dB Aurora ref. Commercial #1 Commercial #2 
Clean 98,39 99,39 98,55 

20 98,38 98,44 93,46 
15 97,71 97,10 85,71 
10 96,04 92,25 70,51 
5 90,86 78,70 48,58 
0 74,57 52,27 26,83 
-5 42,75 22,90 12,12 

Avg. 0-20 91,51 83,75 65,02 
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Figure 18: A comparison of the three recognisers. Best possible performance. Top: Word accuracy for the 
Aurora database. Bottom: Same results illustrated graphically. 
 
Figure 19 on the next page, shows a comparison of the “worst” results for the three 
recognisers, i.e. when the Aurora reference recogniser is trained with clean data 
(M=5), and when the noise reduction is disabled for Commercial recogniser #1. For 
Commercial recogniser #2 there is as mentioned earlier only one test condition to 
consider. 
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Figure 19: A comparison of the three recognisers. Clean training for the Aurora reference recogniser and 
noise reduction disabled for Commercial recogniser #1. 

 
5.5 Deletions, Substitutions and Insertions  
 
Looking on which recognition errors that are made is very useful in the evaluation of 
the recognisers. In figure 17 the statistics for the entire Aurora database is listed. 
 

 Aurora ref. Commercial #1 Commercial #2 
N (#) 230181 230181 230181 
H (%) 88,14 79,23 62,28 

Del. (%) 4,41 12,25 33,31 
Sub. (%) 7,44 8,52 4,41 
Ins. (%) 2,61 1,92 0,02 
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Figure 20: Top: N is the total number of words, H the number of correct recognized words, S 
substitutions, D deletions and I insertions. Bottom: Same results illustrated graphically. 
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5.6 Processing time 
 
The accuracy of the time measurements for the commercial recognisers is about one 
minute, due to rounding and truncating of the original time data. The reference 
recognisers processing time has been approximated by studying the creation time of 
the result files. This leads to that the possible timing error is < 4 min, one minute for 
each reading. This is however not the only problem when comparing the commercial 
recognition engines to the reference. Since Aurora operates on Linux and the 
commercial system on Windows, two different computers have been used. The 
commercial recogniser ran on a slightly faster computer, than the Aurora recogniser: 
 
•  The Aurora reference recogniser ran on a DELL GX-240, Pentium IV, 1700 MHz, 
with 256 Mb RAM and RedHat Linux 7.1.  
 
•  The commercial recognisers ran on a DELL GX-240, Pentium IV, 1800 MHz, with 
1024 Mb RAM and Windows 2000. 
 

 Aurora ref. (M = 2) Commercial #1 Commercial #2 
Feature 
extraction: 20 min * * 
Recognition: 2 h 6 min * * 
Total:  2 h 26 min 1 h 52 min 3 h 4 min 
 
Figure 21: Processing times for the three recognisers, when achieving the best possible results. (* : no 
data available). 
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Chapter 6 

 

Discussion 
 

6.1 The commercial recognisers versus the reference 
recogniser 
 
In general the commercial recognition engines generates the best results in the clean 
condition, and the Aurora recogniser performs best in noisy conditions. It seems like 
the commercial recognition engines have been developed to perform best in almost 
noise free environments. 
It is also clear that Commercial recogniser #1 is much better over the whole SNR-
range, than Commercial recogniser #2. 
 

6.1.1 Performance in the clean condition 
 
In clean, i.e. noise free conditions, the commercial recognisers have higher word 
accuracy than the Aurora reference. It is probable that they are designed to work on 
fairly clean input signals. The language models that are provided are probably trained 
mostly on clean speech. 
Generally, the three recognisers all have reasonable high word accuracy in clean 
conditions. Commercial recogniser #1 produces the very best results. 

 
6.1.2 Performance in the noisy conditions 
 
In the noisy conditions the noise robustness of the recognisers are tested. It is here 
the results will diverse. Comparing the results of the two commercial recognition 
engines show very clearly that recogniser #1 is superior to #2. Recognition engine #1 
is better at every SNR-level, even when comparing to the case were its noise 
reduction is disabled.  
However, the Aurora reference recogniser achieves the best results. Trained with 
multi-conditional speech material, it is clearly the best in noisy conditions. 
Comparing Commercial recogniser #1, with noise reduction disabled, to the Aurora 
reference trained on clean speech material also shows that the latter yields a slightly 
better result. 
In short, the Aurora recogniser is more noise robust than the Commercial recogniser 
#1. The Commercial recogniser #2 can hardly be said to be noise robust at all. 

 
6.1.3 Deletions, Substitutions and Insertions 
 
Comparing the Aurora reference recogniser and Commercial recogniser #1 shows 
that the big difference is in the number of deletions. The Aurora reference is 
obviously much better at extracting separate words from an utterance. This is mainly 
thanks to the feature post-processing algorithm. Looking at the number of deletions 
for Commercial recogniser #2 shows a disastrous word detection capability. On the 
other hand Commercial recogniser #2 shows an impressive low rate of insertions. 
The more noise the clearer this relation becomes. This indicates an imbalance in the 
adjustments of the “word detector”, the system deletes a word rather than accepting 
it. This leads to that the pauses between the words must be very distinct if the words 
are to be detected. Obviously this is not the case when the SNR drops, i.e. no noise 
robustness. 
However a deletion may be better than a substitution or insertion when speech 
recognition is used in real applications. 
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6.2 Grading of the recognisers 
 
The performance of the recognisers varies for different conditions. It is also obvious 
that the Aurora recogniser is the most noise robust one. Here follow some thoughts 
about the performance for each of the three recognisers.  

 
6.2.1 The enhanced Aurora reference recogniser 
 
The Aurora reference recogniser performs very well in noisy conditions, when SNR 
= 5 dB the word accuracy is still over 90 %. The results for the clean condition are 
the worst of the three recognisers. However, there is always a trade-off between high 
performance in clean and in noisy conditions. Overall the Aurora reference 
recogniser achieves the best results of the three recognisers. This depends on the fact 
that the commercial recognition engines have a relatively high sensitivity for noise, 
i.e. bad noise robustness. It should however be kept in mind that the Aurora reference 
recogniser is trained on the same material that is used in the evaluation. The feature-
processing algorithm also introduces time delays, when the averaging is done for the 
whole utterance, i.e. real-time performance is not possible. 

 
6.2.2 Commercial recogniser #1 
 
Commercial recogniser #1, is by far the best of the two commercial recognisers. A 
significant improvement shows when the noise reduction is enabled, which implies a 
certain level of noise robustness. Above all, it has the best results of all three in the 
case of clean speech signals. It was also faster than Commercial recogniser #2. 
The entire recognition systems is also very straightforward an easy to work with. 

 
6.2.3 Commercial recogniser #2 
 
Commercial recogniser #2, demonstrate an acceptable performance in the case of 
clean speech signals, it is even somewhat better than the Aurora reference. However, 
when noise is introduced the performance deteriorates drastically, due to the fact that 
the recogniser does not provide any specialized noise reduction. Overall, Commercial 
recogniser #2 has the by far worst performance and longest processing time of the 
three evaluated recognisers. 
The process of evaluating the recogniser also proved to be far more difficult than in 
the case of Commercial recogniser #1. 

 
6.3 Future work 
 
Unfortunately running a program that takes a sound file as input and outputs the 
recognition results is, in this case, the only way the commercial recognition engines 
can be evaluated. This means that it is not possible to process the extracted features 
as was done with the reference recogniser. Yet, it would be interesting to see which 
results the commercial recognition engines could produce when using the feature 
post-processing algorithm described in section 4.1.2.  
Another interesting approach would be the use of some sort of speech enhancer that 
cleans the Aurora test files before the evaluation is done, something like 
WaveMakers ClearStreamTM (Wavemakers Inc, 2001), but with better noise 
reduction ability. Perhaps the approach presented in section 3.1.2 could be useful. 
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Appendix 
 
A.1 The original Aurora reference recogniser 
 
A.1.1 Clean training 

  
Word accuracy (%): Test A: 
 
 Subway Babble Car Exhib. Average/SNR 
Clean 98.960 99.060 99.020 99.170 99.052 
20 97.020 88.330 96.060 96.390 94.450 
15 93.250 70.980 85.090 90.770 85.023 
10 78.420 46.430 57.710 72.820 63.845 
5 50.320 25.090 27.560 40.050 35.755 
0 24.040 12.180 11.360 13.950 15.382 
-5 12.160 7.650 8.620 8.390 9.205 
Average 64.881 49.960 55.060 60.220 57.530 
 
Word accuracy data: 
 
Number of words:  92113 
Number of accurate recognized words: 60861 
Deletions #, (%):  16069 17.445 
Substitutions #, (%): 15183 16.483 
Insertions #, (%):  7915 8.593 
 
Averages: 
 
Clean: 99.052 
SNR20->0: 58.891 
SNR-5: 9.205 
 
 
============================================================ 
 
Word accuracy (%): Test B: 
 
 Restaurant Street Airport Train Average/SNR 
Clean 98.960 99.060 99.020 99.170 99.052 
20 89.350 95.190 89.980 93.710 92.057 
15 74.520 86.970 75.870 80.590 79.488 
10 52.750 63.850 52.640 55.540 56.195 
5 28.860 34.610 29.200 27.240 29.978 
0 12.590 16.990 14.050 11.230 13.715 
-5 6.970 9.790 9.840 8.820 8.855 
Average 52.000 58.066 52.943 53.757 54.191 
 
Word accuracy data: 
 
Number of words:  92113 
Number of accurate recognized words: 62004 
Deletions #, (%):  13703 14.876 
Substitutions #, (%): 16406 17.811 
Insertions #, (%):  12081 13.115 
 
Averages: 
 
Clean: 99.052 
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SNR20->0: 54.287 
SNR-5: 8.855 
 
 
============================================================ 
 
Word accuracy (%): Test C: 
 
 Subway Street Average/SNR 
Clean 99.200 99.180 99.190 
20 95.460 95.830 95.645 
15 89.040 90.570 89.805 
10 76.970 76.330 76.650 
5 51.270 49.400 50.335 
0 23.400 23.190 23.295 
-5 12.130 11.190 11.660 
Average 63.924 63.670 63.797 
 
Word accuracy data: 
 
Number of words:  45955 
Number of accurate recognized words: 30519 
Deletions #, (%):  7980 17.365 
Substitutions #, (%): 7456 16.225 
Insertions #, (%):  1202 2.616 
 
Averages: 
 
Clean: 99.190 
SNR20->0: 67.146 
SNR-5: 11.660 
 
 
============================================================ 

 
A.1.2 Multi-conditional training 
 
Word accuracy (%): Test A: 
 
 Subway Babble Car Exhib. Average/SNR 
Clean 98.620 98.760 98.390 98.730 98.625 
20 97.540 97.760 98.300 97.500 97.775 
15 96.530 96.800 97.850 96.880 97.015 
10 93.830 95.040 95.850 94.010 94.682 
5 87.410 87.580 86.070 86.950 87.002 
0 60.090 61.550 48.310 60.350 57.575 
-5 24.130 27.570 19.500 23.200 23.600 
Average 79.736 80.723 77.753 79.660 79.468 
 
Word accuracy data: 
 
Number of words:  92113 
Number of accurate recognized words: 74012 
Deletions #, (%):  13428 14.578 
Substitutions #, (%): 4673 5.073 
Insertions #, (%):  818 0.888 
 
Averages: 
 
Clean: 98.625 
SNR20->0: 86.810 
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SNR-5: 23.600 
 
 
============================================================ 
 
Word accuracy (%): Test B: 
 
 Restaurant Street Airport Train Average/SNR 
Clean 98.620 98.760 98.390 98.730 98.625 
20 96.780 97.310 97.730 97.190 97.252 
15 95.640 96.400 96.660 95.590 96.073 
10 93.610 94.380 93.500 93.060 93.638 
5 85.850 86.400 86.940 83.710 85.725 
0 63.710 62.180 66.750 54.300 61.735 
-5 30.150 26.060 31.910 20.550 27.167 
Average 80.623 80.213 81.697 77.590 80.031 
 
Word accuracy data: 
 
Number of words:  92113 
Number of accurate recognized words: 77076 
Deletions #, (%):  9138 9.920 
Substitutions #, (%): 5899 6.404 
Insertions #, (%):  3343 3.629 
 
Averages: 
 
Clean: 98.625 
SNR20->0: 86.884 
SNR-5: 27.167 
 
 
============================================================ 
 
Word accuracy (%): Test C: 
 
 Subway Street Average/SNR 
Clean 98.560 98.580 98.570 
20 97.610 96.220 96.915 
15 96.530 95.710 96.120 
10 93.860 93.290 93.575 
5 83.330 84.950 84.140 
0 44.860 56.020 50.440 
-5 20.050 22.820 21.435 
Average 76.400 78.227 77.314 
 
Word accuracy data: 
 
Number of words:  45955 
Number of accurate recognized words: 36065 
Deletions #,(%):  7173 15.609 
Substitutions #,(%): 2717 5.912 
Insertions #,(%):  533 1.160 
 
Averages: 
 
Clean: 98.570 
SNR20->0: 84.238 
SNR-5: 21.435 
 
 
============================================================ 
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A.1.3 Entire Aurora database 
 
Word accuracy (%): 
 
Clean training: 
 
Clean:  99.08 
Noisy (SNR: 20->0): 58.70 
Noisiest (SNR: -5):  9.56 
 
 
Word accuracy data: 
 
Number of words:  230181 
Number of accurate recognized words: 153384 
Deletions #, (%):  37752 16.40 
Substitutions #, (%): 39045 16.96 
Insertions #, (%):  21198 9.21 
 
Multi-conditional training: 
 
Clean:  98.61 
Noisy (SNR: 20->0): 86.33 
Noisiest (SNR: -5):  24.59 
 
 
Word accuracy data: 
 
Number of words:  230181 
Number of accurate recognized words: 187153 
Deletions #, (%):  29739 12.92 
Substitutions #, (%): 13289 5.77 
Insertions #, (%):  4694 2.04 

 
A.2 The enhanced Aurora reference recogniser 
 
A.2.1 Clean training (M=5) 
 
Word accuracy (%): Test A: 
 
 Subway Babble Car Exhib. Average/SNR 
Clean 98.530 98.310 98.540 98.580 98.490 
20 95.980 96.220 96.120 95.500 95.955 
15 92.660 93.050 93.680 91.550 92.735 
10 86.980 85.820 88.580 83.550 86.232 
5 74.520 70.010 79.930 71.000 73.865 
0 50.450 40.210 61.940 51.710 51.078 
-5 24.160 13.090 37.190 28.290 25.682 
Average 74.754 70.959 79.426 74.311 74.862 
 
Word accuracy data: 
 
Number of words:  92113 
Number of accurate recognized words: 72109 
Deletions #, (%):  5039 5.470 
Substitutions #, (%): 14965 16.246 
Insertions #, (%):  3134 3.402 
 
Averages: 
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Clean: 98.490 
SNR20->0: 79.973 
SNR-5: 25.682 
 
 
============================================================ 
 
Word accuracy (%): Test B: 
 
 Restaurant Street Airport Train Average/SNR 
Clean 98.530 98.310 98.540 98.580 98.490 
20 96.350 95.890 96.030 95.800 96.018 
15 93.280 93.860 93.890 93.370 93.600 
10 86.280 88.690 88.610 88.120 87.925 
5 69.880 76.390 76.680 76.400 74.838 
0 42.680 55.080 54.460 54.430 51.662 
-5 16.150 27.090 26.750 29.310 24.825 
Average 71.879 76.473 76.423 76.573 75.337 
 
Word accuracy data: 
 
Number of words:  92113 
Number of accurate recognized words: 73200 
Deletions #, (%):  4988 5.415 
Substitutions #, (%): 13925 15.117 
Insertions #, (%):  3796 4.121 
 
Averages: 
 
Clean: 98.490 
SNR20->0: 80.809 
SNR-5: 24.825 
 
 
============================================================ 
 
Word accuracy (%): Test C: 
 
 Subway Street Average/SNR 
Clean 98.530 98.340 98.435 
20 95.890 95.890 95.890 
15 92.480 93.380 92.930 
10 86.640 87.330 86.985 
5 75.160 76.630 75.895 
0 50.540 54.720 52.630 
-5 25.080 27.630 26.355 
Average 74.903 76.274 75.589 
 
Word accuracy data: 
 
Number of words:  45955 
Number of accurate recognized words: 36298 
Deletions #, (%):  2808 6.110 
Substitutions #, (%): 6849 14.904 
Insertions #, (%):  1559 3.392 
 
Averages: 
 
Clean: 98.435 
SNR20->0: 80.866 
SNR-5: 26.355 
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============================================================ 

 
A.2.2 Multi-conditional training (M=2) 
 
Word accuracy (%): Test A: 
 
 Subway Babble Car Exhib. Average/SNR 
Clean 98.530 98.610 98.240 98.150 98.382 
20 98.650 98.280 98.210 98.520 98.415 
15 97.390 97.520 97.910 98.060 97.720 
10 95.670 96.190 96.300 96.110 96.068 
5 90.730 90.240 93.290 90.470 91.182 
0 75.470 66.840 80.850 77.480 75.160 
-5 44.830 28.510 50.610 50.820 43.692 
Average 85.896 82.313 87.916 87.087 85.803 
 
Word accuracy data: 
 
Number of words:  92113 
Number of accurate recognized words: 81134 
Deletions #, (%):  3910 4.245 
Substitutions #, (%): 7069 7.674 
Insertions #, (%):  2099 2.279 
 
Averages: 
 
Clean: 98.382 
SNR20->0: 91.709 
SNR-5: 43.692 
 
 
============================================================ 
 
Word accuracy (%): Test B: 
 
 Restaurant Street Airport Train Average/SNR 
Clean 98.530 98.610 98.240 98.150 98.382 
20 98.250 98.310 98.240 98.770 98.392 
15 97.880 97.700 97.940 97.560 97.770 
10 95.890 95.830 96.720 96.420 96.215 
5 88.700 91.380 92.130 90.370 90.645 
0 67.730 75.300 77.390 73.650 73.518 
-5 33.130 42.260 44.410 44.740 41.135 
Average 82.873 85.627 86.439 85.666 85.151 
 
Word accuracy data: 
 
Number of words:  92113 
Number of accurate recognized words: 81311 
Deletions #, (%):  3951 4.289 
Substitutions #, (%): 6851 7.438 
Insertions #, (%):  2866 3.111 
 
Averages: 
 
Clean: 98.382 
SNR20->0: 91.308 
SNR-5: 41.135 
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============================================================ 
 
Word accuracy (%): Test C: 
 
 Subway Street Average/SNR 
Clean 98.370 98.520 98.445 
20 98.370 98.160 98.265 
15 97.540 97.610 97.575 
10 95.240 95.980 95.610 
5 90.730 90.570 90.650 
0 74.790 76.150 75.470 
-5 45.900 42.260 44.080 
Average 85.849 85.607 85.728 
 
Word accuracy data: 
 
Number of words:  45955 
Number of accurate recognized words: 40440 
Deletions #, (%):  2299 5.003 
Substitutions #, (%): 3216 6.998 
Insertions #, (%):  1044 2.272 
 
Averages: 
 
Clean: 98.445 
SNR20->0: 91.514 
SNR-5: 44.080 
 
 
============================================================ 

 
A.2.3 Entire Aurora database 
 
Word accuracy (%):  
 
Clean training: 
 
Clean:  98.48 
Noisy (SNR: 20->0): 80.49 
Noisiest (SNR: -5):  25.47 
 
 
Word accuracy data: 
 
Number of words:  230181 
Number of accurate recognized words: 181607 
Deletions #, (%):  12835 5.58 
Substitutions #, (%): 35739 15.53 
Insertions #, (%):  8489 3.69 
 
 
Multi-conditional training: 
 
Clean:  98.39 
Noisy (SNR: 20->0): 91.51 
Noisiest (SNR: -5):  42.75 
 
 
Word accuracy data: 
 
Number of words:   230181 
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Number of accurate recognized words: 202885 
Deletions #, (%):  10160 4.41 
Substitutions #, (%): 17136 7.44 
Insertions #, (%):   6009 2.61 
 
============================================================ 

 
A.3 Commercial recogniser #1 
 
A.3.1 Noise reduction disabled 
 
Word accuracy (%): Test A: 
 
 Subway Babble Car Exhib. Average/SNR 
Clean 99.570 99.180 99.490 99.410 99.412 
20 98.030 98.660 98.440 98.300 98.358 
15 96.340 97.300 97.430 95.830 96.725 
10 88.630 91.920 90.870 87.530 89.738 
5 68.160 74.690 68.890 61.800 68.385 
0 40.030 44.220 33.790 27.700 36.435 
-5 17.860 18.950 12.670 10.860 15.085 
Average 72.660 74.989 71.654 68.776 72.020 
 
Word accuracy data: 
 
Number of words:  92113 
Number of accurate recognized words: 66810 
Deletions #, (%):  18794 20.403 
Substitutions #, (%): 6509 7.066 
Insertions #, (%):  454 0.493 
 
Averages: 
 
Clean: 99.412 
SNR20->0: 77.928 
SNR-5: 15.085 
 
Total processing time(s): 2325 
 
============================================================ 
 
Word accuracy (%): Test B: 
 
 Restaurant Street Airport Train Average/SNR 
Clean 99.570 99.180 99.490 99.410 99.412 
20 98.610 98.540 98.650 98.540 98.585 
15 96.990 97.090 97.610 97.000 97.172 
10 91.490 90.620 93.170 91.910 91.798 
5 76.260 73.790 80.520 73.770 76.085 
0 47.830 43.220 50.790 39.640 45.370 
-5 20.010 17.770 23.710 15.210 19.175 
Average 75.823 74.316 77.706 73.640 75.371 
 
Word accuracy data: 
 
Number of words:  92113 
Number of accurate recognized words: 70776 
Deletions #, (%):  14410 15.644 
Substitutions #, (%): 6927 7.520 
Insertions #, (%):  1331 1.445 
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Averages: 
 
Clean: 99.412 
SNR20->0: 81.802 
SNR-5: 19.175 
 
Total processing time(s): 2388 
 
============================================================ 
 
Word accuracy (%): Test C: 
 
 Subway Street Average/SNR 
Clean 99.570 99.210 99.390 
20 97.910 98.390 98.150 
15 96.490 96.670 96.580 
10 88.510 90.870 89.690 
5 68.770 73.210 70.990 
0 39.420 43.710 41.565 
-5 18.170 17.740 17.955 
Average 72.691 74.257 73.474 
 
Word accuracy data: 
 
Number of words:  45955 
Number of accurate recognized words: 33861 
Deletions #, (%):  9455 20.574 
Substitutions #, (%): 2639 5.743 
Insertions #, (%):  91 0.198 
 
Averages: 
 
Clean: 99.390 
SNR20->0: 79.395 
SNR-5: 17.955 
 
Total processing time(s): 1144 
 
============================================================ 

 
A.3.2 Noise reduction enabled 
 
Word accuracy (%): Test A: 
 
 Subway Babble Car Exhib. Average/SNR 
Clean 99.500 99.180 99.490 99.410 99.395 
20 98.400 98.660 98.590 98.240 98.472 
15 96.740 97.430 97.940 96.140 97.062 
10 92.010 91.530 94.480 90.340 92.090 
5 79.880 73.510 83.530 71.790 77.178 
0 55.720 43.070 54.780 41.740 48.828 
-5 26.740 16.620 21.230 16.100 20.172 
Average 78.427 74.286 78.577 73.394 76.171 
 
Word accuracy data: 
 
Number of words:  92113 
Number of accurate recognized words: 71671 
Deletions #, (%):  12325 13.380 
Substitutions #, (%): 8117 8.812 
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Insertions #, (%):  1490 1.618 
 
Averages: 
 
Clean: 99.395 
SNR20->0: 82.726 
SNR-5: 20.172 
 
Total processing time(s): 2711 
 
============================================================ 
 
Word accuracy (%): Test B: 
 
 Restaurant Street Airport Train Average/SNR 
Clean 99.500 99.180 99.490 99.410 99.395 
20 98.610 98.450 98.620 98.420 98.525 
15 96.960 97.330 97.640 97.090 97.255 
10 90.850 92.710 92.930 93.050 92.385 
5 74.880 81.070 82.490 79.540 79.495 
0 47.650 55.980 58.480 53.620 53.932 
-5 19.800 25.420 27.760 22.950 23.982 
Average 75.464 78.591 79.630 77.726 77.853 
 
Word accuracy data: 
 
Number of words:  92113 
Number of accurate recognized words: 74418 
Deletions #, (%):  9199 9.987 
Substitutions #, (%): 8496 9.223 
Insertions #, (%):  2686 2.916 
 
Averages: 
 
Clean: 99.395 
SNR20->0: 84.318 
SNR-5: 23.982 
 
Total processing time(s): 2713 
 
============================================================ 
 
Word accuracy (%): Test C: 
 
 Subway Street Average/SNR 
Clean 99.530 99.180 99.355 
20 98.000 98.420 98.210 
15 96.890 96.880 96.885 
10 92.230 92.350 92.290 
5 80.130 80.220 80.175 
0 55.350 56.280 55.815 
-5 26.920 25.450 26.185 
Average 78.436 78.397 78.416 
 
Word accuracy data: 
 
Number of words:  45955 
Number of accurate recognized words: 36293 
Deletions #, (%):  6673 14.521 
Substitutions #, (%): 2989 6.504 
Insertions #, (%):  254 0.553 
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Averages: 
 
Clean: 99.355 
SNR20->0: 84.675 
SNR-5: 26.185 
 
Total processing time(s): 1328 
 
============================================================ 

 
A.3.3 Entire Aurora database 
 
Word accuracy (%): 
 
Noise reduction disabled: 
 
Clean:  99.41 
Noisy (SNR: 20->0): 79.77 
Noisiest (SNR: -5):  17.30 
 
 
Word accuracy data: 
 
Number of words:  230181 
Number of accurate recognized words: 171447 
Deletions #, (%):  42659 18.53 
Substitutions #, (%): 16075 6.98 
Insertions #, (%):  1876 0.82 
 
Processing time: 1 h 37 min 
 
 
Noise reduction enabled: 
 
Clean:  99.39 
Noisy (SNR: 20->0): 83.75 
Noisiest (SNR: -5):  22.90 
 
 
Word accuracy data: 
 
Number of words:  230181 
Number of accurate recognized words: 182382 
Deletions #, (%):  28197 12.25 
Substitutions #, (%): 19602 8.52 
Insertions #, (%):  4430 1.92 
 
Processing time: 1 h 52 min 
 
============================================================ 
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A.4 Commercial recogniser #2 
 
Word accuracy (%): Test A: 
 
 Subway Babble Car Exhib. Average/SNR 
Clean 98.950 98.480 98.350 98.610 98.598 
20 92.100 94.370 93.730 92.680 93.220 
15 84.060 87.420 84.610 83.770 84.965 
10 68.740 72.850 67.700 66.490 68.945 
5 48.630 49.870 43.690 43.440 46.408 
0 28.030 27.960 22.010 20.730 24.682 
-5 13.410 13.080 7.690 8.700 10.720 
Average 61.989 63.433 59.683 59.203 61.077 
 
Word accuracy data: 
 
Number of words:  92113 
Number of accurate recognized words: 56269 
Deletions #, (%):  31886 34.616 
Substitutions #, (%): 3958 4.297 
Insertions #, (%):  4 0.004 
 
Averages: 
 
Clean: 98.598 
SNR20->0: 63.644 
SNR-5: 10.720 
 
Total processing time(s): 4439 
 
============================================================ 
 
Word accuracy (%): Test B: 
 
 Restaurant Street Airport Train Average/SNR 
Clean 98.950 98.480 98.350 98.610 98.598 
20 94.840 94.280 94.980 94.470 94.643 
15 88.450 86.910 88.810 87.530 87.925 
10 75.620 71.370 76.140 72.900 74.008 
5 53.140 50.240 54.390 50.100 51.967 
0 31.010 26.960 32.770 27.050 29.448 
-5 14.520 12.990 15.980 10.610 13.525 
Average 65.219 63.033 65.917 63.039 64.302 
 
Word accuracy data: 
 
Number of words:  92113 
Number of accurate recognized words: 59274 
Deletions #, (%):  28494 30.934 
Substitutions #, (%): 4345 4.717 
Insertions #, (%):  31 0.034 
 
Averages: 
 
Clean: 98.598 
SNR20->0: 67.598 
SNR-5: 13.525 
 
Total processing time(s): 4429 
 
============================================================ 
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Word accuracy (%): Test C: 
 
 Subway Street Average/SNR 
Clean 98.520 98.180 98.350 
20 90.720 92.410 91.565 
15 81.360 84.220 82.790 
10 65.090 68.190 66.640 
5 45.710 46.610 46.160 
0 26.400 25.360 25.880 
-5 12.150 12.030 12.090 
Average 59.993 61.000 60.496 
 
Word accuracy data: 
 
Number of words:  45955 
Number of accurate recognized words: 27813 
Deletions #, (%):  16284 35.435 
Substitutions #, (%): 1858 4.043 
Insertions #, (%):  8 0.017 
 
Averages: 
 
Clean: 98.350 
SNR20->0: 62.607 
SNR-5: 12.090 
 
Total processing time(s): 2177 
 
============================================================ 

 
A.4.1 Entire Aurora database 
 
Word accuracy (%): 
 
Clean:  98.55 
Noisy (SNR: 20->0): 65.02 
Noisiest (SNR: -5):  12.12 
 
 
Word accuracy data: 
 
Number of words:  230181 
Number of accurate recognized words: 143356 
Deletions #, (%):  76664 33.31 
Substitutions #, (%): 10161 4.41 
Insertions #, (%):  43 0.02 
 
Processing time: 3 h 4 min 


