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Sammanfattning 

 

 

Detta examensarbete beskriver ett fonemigenkänningssystem baserat 

på kunskaper om människans hörselsystem. Första delen 

sammanfattar vetandet om hörselns fysiologi. I studien 

implementeras denna kunskap i en auditiv beräkningsmodell som 

realiserats i Matlab. Modellen har använts på den amerikanska 

taldatabasen TIMIT. Den beräknar indata till ett neuralt nätverk, som 

i sin tur använts för att klassificera engelska fonem. Den 

audiologiska modellen visar sig vara mer motståndskraftig mot olika 

telefonrelaterade störningar i talsignalen jämfört med ett 

referenssystem baserat på den konventionella akustiska 

signalbehandling (MFCC) som normalt brukar användas vid 

taligenkänning. 
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Abstract 

 

This report describes a phoneme recognition system based on 

properties of the human auditory system. The first part of the paper 

summarizes knowledge about the physiology of the auditory system, 

which is the origin of the computational model used in the study and 

implemented with Matlab. The model, which extracts the critical 

information of the speech signal, works as an input for a neural 

network that is trained on the TIMIT speech database to classify 

English phonemes. The model is shown to be more robust to 

telephone disturbances of the speech signal than a system based on 

conventional acoustic processing techniques (MFCC) used in speech 

recognition. 
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1 Introduction 
Since the first steps of computer science a big effort has been put in the research of new and 
more user-friendly human computer interfaces. The human computer interaction will improve 
enormously if computers can understand and talk human language. Different systems have been 
designed that can partially perform this task, but we are still at the beginning of this technology. 

The purpose of this report is to present a phoneme recogniser based on properties of the human 
auditory system. A good understanding of the physiology of the human ear is necessary to 
develop a computational model that simulates the biological system. The first part of this paper 
summarizes the current knowledge about the physiology of listening. The different 
computational models presented later make use of this knowledge. The output of the auditory 
model is fed to a neural network that is trained to discriminate between different phonemes. The 
basic functionality of the neural network is also described. The last sections present more details 
regarding our phoneme recognition system and finally we compare its performance to a more 
conventional system.  
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2 Required tools 
This section provides a brief description of the required tools for the implementation of our 
phoneme recognition system. 

2.1 The auditory model 
We have implemented our auditory model using the Matlab program package. The most 
important functions, the modelling of the basilar membrane and the inner hair cells, are part of 
the MAD (Matlab Auditory Demos) packet developed by the Speech and Hearing Group at 
Sheffield University. A more detailed explanation of the functions will be provided in the section 
dealing with the implementation of the auditory model. 

2.2 Neural networks 
The NICO toolkit, a public domain software packet available from TMH, includes all functions 
required to create, train and test the neural networks used in this study. NICO was designed by 
Nikko Ström and is specially optimized for speech applications. It is a software written in 
portable ANSI C code. All tools are reachable by command line instructions. The simplest way 
to work with NICO is to write script files that contain the needed instructions. The scripts and 
instructions used during the development of the phoneme recognition system will be explained in 
section 7 “The Utilised Neural Network”. 

2.3 The reference cepstral recognition system 
The reference phoneme recognizer is based on the conventional mel frequency cepstral 
coefficients (MFCC). Thirteen parameters are extracted from a Fourier transform of the speech 
signal. These parameters are expected to convey information necessary for the neural network to 
perform phoneme recognition. The neural network has one hidden layer with 400 units and a 
recurrent architecture. More details about the topology of the network are provided in following 
sections. Detailed information about the extraction of cepstral coefficients can e.g. be found in 
Holmes' Speech Synthesis and Recognition, 1999. 

2.4 Databases 
The database used for the training of the networks is the American TIMIT corpus of read speech 
that has been designed to provide speech data for the acquisition of acoustic-phonetic knowledge 
and for the development of automatic speech recognition systems. TIMIT contains a total of 
6300 sentences, 10 sentences spoken by each of 630 speakers from 8 major dialect regions of the 
United States. The database includes the recorded waveform of the sentence, with a sampling 
frequency of 16 kHz, together with a time-aligned phonetic transcription of the sentence. This is 
necessary for the creation of training patterns for the neural network, since we can compare the 
output of the network with its phonetic transcription. The TIMIT database was recorded in a 
noise-free environment and is relatively "clean" with respect to non-speech noise. 

The speakers in TIMIT have been subdivided into training and test sets using the following 
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criteria: 

1. Roughly 20 to 30% of the corpus should be used for testing purposes, leaving the 
 remaining 70 to 80% for training. 

2. No speaker should appear in both the training and test sets. 

3. All dialect regions should be represented in both subsets, with at least one male and one 
female speaker from each dialect. 

4. The amount of overlap of the read text material in the two subsets should be minimized; 
if possible no texts should be identical. 

5. All phonemes should be covered in the test material; preferably each phoneme should 
occur multiple times in different contexts. 

The TIMIT database was recorded in a sound booth making it very clean with respect non-speech 
noise. Other TIMIT databases have been recorded in various ways to simulate the effect of 
different kinds of disturbances. Three of these databases have been used in this study to measure 
the robustness of the auditory model. They are described below. 

NTIMIT adds telephone network noises to the TIMIT data. It was collected by transmitting all 
6300 original TIMIT utterances though various channels in the NYNEX telephone network and 
redigitizing them. 

CTIMIT adds mobile telephone network disturbances. It was generated by transmitting 3367 of 
the 6300 original TIMIT utterances over cellular telephone channels from a specially equipped 
van in a variety of driving conditions in southern New Hampshire and Massachusetts and 
recording them at a central location. The sampling frequency is half of the normal TIMIT, 8 kHz. 

FFMTIMIT. This is a far field microphone recording of TIMIT and it includes a significant 
amount of low frequency noise, due to the presence of heating, ventilation and air conditioning 
systems and mechanical vibrations transmitted through the floor of the double-walled sound 
booth used during the recordings. 

The TIMIT transcriptions contain 61 symbols; this is a very detailed description of the English 
language. In order to make a simpler and more practical phoneme recogniser most researchers 
use a reduced set of 39 symbols. They are shown in Table 1 and were first defined by Lee and 
Hon, 1989. The recognition of these 39 symbols in the TIMIT database has become an unofficial 
standard for phoneme recognition experiments. 
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Table 1. The TIMIT symbol set with CMU/MIT reduction and IPA symbol. 

 

sil 
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3 The physiology of listening 
The performance of an automatic speech recognition system could be expected to improve by 
using knowledge about the human auditory system. Study in this area has been very difficult, 
mainly because of the invasive nature of the required physiological experiments. Even so, steady 
progress has been achieved in our knowledge about the ear during the last decades.  

 

 

Figure 1. Structure of the peripheral auditory system. Reproduced from Holmes, 1999. 

 

3.1 Physiology of the outer and middle ears 
The outer ear consists of the pinna and the auditory canal that terminates in the eardrum or 
tympanic membrane. The pinna is the visible structure of the ear and its intricate construction of 
swirls contains the basilar membrane where sound frequency information is converted to spatial 
localization which will be described below. The auditory canal works as an acoustic resonator 
that increases the ear’s sensitivity to sounds in the 3-4 kHz range. The pinna and auditory canal 
can be observed in Figure 1; they look like a brass horn. 

The eardrum is stimulated by sound; the three inter-connected small bones of the middle ear, 
malleus, incus and stapes transmit the vibrations. The middle ear is the link between the vibration 
of the eardrum and the vibration of the oval window in the cochlea. This is needed due to the 
mismatch of density and compressibility between air (at the eardrum) and water (at the oval 
window). This mismatch would mean that less than 1/1000 of the sound power in the air was 
transmitted to the water. Thanks to the combined action of the three bones of the middle ear the 
amplitude of the fluid vibration is increased. 
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3.2 Structure of the cochlea 
The cochlea transforms the fluid vibrations into neural firings. It is a spiral tube divided into 
three parts by two membranes that form a triangular-shaped partition as can be observed in 
Figure 2. These three scalas are filled with liquid.  

The vital part for the hearing process is the basilar membrane (BM), where the organ of Corti 
contains the hair cells that are the actual receptor cells. The air vibrations, magnified by the 
middle ear, create a pressure wave in the fluid that distorts the BM. The movements of the BM 
bend the hair cells, which cause them to fire, producing spikes in the nerve fibres to which they 
are connected.   

There are two classes of hair cells: the inner hair cells, roughly 3500 arrayed in a single row 
along the length of the BM and the outer hair cells, more than 12000 placed in three rows. 
Between 90 and 95% of the fibres of the auditory nerve are connected to the inner hair cells (a 
single inner hair may excite up to twenty auditory nerve fibres). The inner hair cells convey the 
main part of the auditory information; the function of the outer hair cells is to enhance the 
selectivity of the cochlea by changing the mechanical properties of the BM. 

The whole BM moves up and down in synchrony with the soundwave but different points along 
the BM get the maximum displacement as a function of the frequency. The hair cells located at 
the point of maximum displacement undergo the greatest distortion and therefore fire at the 
highest rate. The maximum amplitude occurs near the oval window for high frequencies and at 
the end of the BM for low frequencies. 

 

 

Figure 2. Cross-section of the cochlear spiral. Reproduced from Holmes, 1999. 

 

3.3 Neural response 
Experiments have proved that the place representation of frequency along the BM is preserved as 
a place representation in the auditory nerve. Each fibre has a characteristic frequency at which it 
is most easily stimulated. The neural transduction processes is non-linear. Most neurons show 
some spontaneous firing in absence of stimulation. Another non-linear feature is the saturation of 
the neurons; this means that a neuron no longer responds to an increase in sound level with an 
increase in firing rate. 
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4 Models of the auditory system 
Presently the human auditory system performs the task of speech recognition much better than 
any computer. Humans are particularly competent at interpreting speech sounds in the presence 
of noise or when there are many different sound sources. A computational model that reflects the 
transformations occurring in the auditory pathway could be a successful first-stage processor in 
an automatic speech recogniser. The model should retain the critical features used by humans for 
speech recognition, whereas it should discard insignificant information. 

4.1 Mechanical filtering 
The human auditory system has been modelled using electrical equivalents of mechanical filters. 
Electrical filters with appropriate characteristics can easily model the outer and middle ear. It is 
harder to model the cochlea. It can be modelled as a series of transmission lines, each one 
attempting to represent the mechanical properties of a different section of the basilar membrane. 
Another possibility is to use a number of independent filters (around 40 separate channels), each 
one representing the characteristics of a point on the basilar membrane. 

4.2 Models of neural transduction 
The relation between the movement of the basilar membrane and the firing pattern of the 
auditory nerve is very complex. The first step is a half-wave rectification, because the inner hair 
cells are only stimulated to release neurotransmitters for movement of the BM in one direction. A 
compression function is used to reduce the large dynamic range of the input signal. The output of 
this function can be used to control the probability of firing of a model neuron. Randomness must 
be included to obtain the spontaneous firings and different non-linear effects must be included, 
for example the saturation at high levels, tendency to phase locking, and short-term adaptation. A 
number of models have been suggested that can be classified into three categories: 

4.2.1 Place/rate models 
The place/rate models are based on the pattern of the average firing rate as a function of the 
fibre’s characteristic frequency, which is related to the place on the BM. One of the flaws of this 
model is the saturation effect at high sound-pressure levels provoking a loss of definition in the 
spectral pattern. Several researchers have developed models trying to cope with this problem. 
Some of them are briefly described below. 

4.2.2 Place/temporal models 
The idea behind these models is to compare intervals between firings of an auditory neuron with 
the reciprocal of the neuron’s characteristic frequency. One of these models is the generalized 
synchrony detector (GSD) developed by Seneff, 1988. It measures the degree to which a model 
auditory filter is synchronised (phase-locked) to a stimulus frequency near to its centre 
frequency. If the centre frequency of an auditory filter is close to a spectral dominance (such as a 
formant peak), the response of the GSD for that channel will be large; otherwise the response 
will be small. Plotting the GSD for each centre frequency gives a pseudo-spectrum, an estimate 
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spectrum derived from timing information. 

4.2.3 Place-independent/temporal models 
These models use information about firing synchrony without any reference to the nerve fibres’ 
characteristic frequencies. One model based on this idea is the ensemble interval histogram (EIH) 
developed by Ghitza, 1988 and 1992. It is a frequency-domain representation, which gives fine 
low-frequency detail and a grater degree of robustness than conventional spectral representations. 
The representation is formed from the ensemble histogram of inter-spike intervals in an array of 
auditory nerve fibres. Rather than using a model of hair cell discharge, the output of each 
auditory filter is passed through a multi-level crossing detector. 
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5 The used computational model 
The model that we are going to use is a place/rate model. It simulates the firing rate in nerve 
fibres by combining models of the peripheral auditory system and the inner hair cell response. A 
bank of filters models the basilar membrane. A mathematical function that gives a good 
description of the travelling wave behaviour of the basilar membrane and its response to different 
sound signals is the gammatone. This is the function adopted for the bank of filters; a detailed 
description of it is provided later in this section. The output of the gammatone filter is passed 
through the Meddis (1986) model of the inner hair cells to yield a representation of firing activity 
in the auditory nerve. The firing activity can be considered as a sort of spectrum of the input 
signal. This spectrum is fed of the next part of the recognition system, the neural network that 
classifies the phonemes. 

5.1 The basilar membrane model 
We have already explained the mechanical properties of the basilar membrane and its importance 
for the auditory process. We will now give a closer description of its function and study the 
possibilities of developing a computational model for the simulation of it. The basilar membrane 
is wound inside the spiral of the cochlea as the next Figure shows. 

 

 
Figure 3. Basilar membrane and frequency division. Figure adopted from 
Mammano, 1996. 

 

The Figure also depicts locations where different frequencies are mapped, from the base at the 
oval window, to the apex at the end of the BM. We notice the change of the width from apex to 
base. This, together with the change of the stiffness of the membrane, determines its frequency 
response. Figure 4 shows the gradient of the stiffness. 
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Figure 4. Membrane stiffness is graded over several orders of magnitude. 
Figure adopted from Mammano, 1996. 

 

As any mechanical object, the stiff basal end of the membrane will easier vibrate at high 
frequencies whereas the apical end of the membrane vibrates easier at low frequencies, a 
common feature for any mechanical object that has less stiffness and more mass. 

Psychophysical measurements have provided the shape of the auditory filters from which we can 
derive the shape of our filters. This can be observed in Figure 5. 

 

 
Figure 5. The shape of the auditory filter, measured psychophysically. 
Reproduced from Moore, 1997. 

 

Combining the previous information the most common model that better fits the response of the 
auditory filter is a bank of gammatone filters. The filter is linear, making it completely 
characterized by its impulse response that can be observed in Figure 6. We have now selected the 
shape of our filters and now we have to choose the central frequency for each one of them. The 
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best solution is to place them according to the ERB scale (Equivalent Rectangular Bandwidth), 
which approximates the frequency scaling of human listeners. More information can be found in 
Smith 1999. 

 

 

   50               1500                                           4000                         8000  Hz 

    Frequency 

 
Figure 6. Bank of Gammatone filters placed according the ERB scale. 

 

The output of the gammtone filter is passed through the Meddis model of an inner hair cell to 
yield a representation of the firing activity in the auditory nerve. The next section deals with the 
description of the Meddis model. 

5.2 The Meddis inner hair cell model 
The Meddis hair cell model, first published in 1986, describes the transduction of sounds to 
neural signals taking place in the auditory nerve on a level quite close to physiology. We have 
reviewed the auditory physiology in previous sections, but in order to achieve a better 
understanding of our ear model we will provide a more detailed description of the hair cells. 
Especially, we deal with the transduction process that takes place in the inner hair cells that is 
responsible for the transformation of vibrations into neural firings. Figure 7 illustrates the 
transduction process. The figure focuses on the key features represented by the Meddis model, 
which will be described in the following. 
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Figure 7. Schematic representation of the key features of the model. Figure adopted from Meddis, 1986. 

5.2.1 Inner hair cells 
The small hairs attached to the body of the hair cells are called stereocilia. Physical movements 
of these stereocilia cause a depolarization of the inner hair cell, which in turn results in a receptor 
potential. This receptor potential induces the release of neurotransmitter into the synaptic cleft, a 
thin gap between the hair cells and the auditory nerve. When the concentration of 
neurotransmitter in the synaptic cleft exceeds a certain level an action potential is discharged in 
the auditory nerve, more commonly referred as a “spike”. The probability of a spike occurring is 
directly proportional to the concentration of neurotransmitter in the synaptic cleft (Meddis, 
1986). After a spike, there is a short latency period during which it is physically impossible to 
produce another spike. This is since it is necessary to re-establish the neurotransmitter 
concentration needed before the next spike. This period is called the absolute refractory period 
and lasts approximately 1 ms. 

We are now ready to illustrate the process that begins with an acoustic stimulus and ends with the 
activation of auditory fibres. A schematic description of the underlying structure of the 
transduction process is provided in Figure 8. 

 

 

Figure 8. Flow diagram for transmitter substance. The dashed vertical line illustrates the hair cell membrane 
meaning that everything to the left of it is in the hair cell and everything to the right of it is outside the hair cell (in 
the synaptic cleft). Figure adopted from Meddis, 1986. 
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Below is a description of what happens when a tone is presented to the ear until the inner hair 
cell is excited as was presented by Christiansen, 2001: 

•  The hair cell leaks transmitter from the “Free transmitter pool” into the “Cleft” until it is 
rapidly depleted of transmitter. 

•  After a short time, part of the transmitter is returned from the “Cleft” to the 
“Reprocessing store”, where the transmitter is processed in order to be able use it again. 
From the “Reprocessing store” the transmitter goes back to the “Free transmitter pool” 
slowing down the depletion rate. However, due to the loss of transmitter from the “Cleft” 
the hair cell is still losing transmitter. 

•  Finally, the “Factory” starts producing transmitter. When the amount of transmitter 
produced equals the amount of transmitter lost in the “Cleft” equilibrium is reached, by 
this way the amount of transmitter is stable in the hair cell and in the “Cleft”. 

Figure 9 describes the response of a hair cell to an acoustic stimulus until it is converted into a 
train of spikes, i.e. the pattern of activation of the auditory nerve. 

 

Figure 9. Two-stage approach (A and B) to modelling auditory nerve to 
acoustic stimulus. Figure adopted from Meddis, 1986. 
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The stimulating sound results in a train of spikes for each affected fibre of the auditory nerve. 
The number of these fibres is roughly 30,000 and since each fibre may spike as many as 100 
times per second (Greenberg, 1998) we can easily judge the complexity of the process we are 
involved.  

5.2.2 Description of the model 
After the physiological study of the transduction process we can provide a detailed description of 
the model; it consists of four sections, 1) Permeability, 2) Neurotransmitter in the inner hair cell, 
3) Neurotransmitter in the cleft and 4) Spike probability. All the equations used below to 
describe the Meddis model were obtained from Thomas U. Christiansen’s The Meddis Inner Hair 
Cell Model, 2001. 

Permeability 

Permeability measures how easy it is for the neurotransmitter to pass from the inner hair cell to 
the synaptic cleft through the permeable membrane. A key feature of the permeable membrane is 
that its permeability is not constant but fluctuates according to the instantaneous amplitude of the 
acoustic stimulus. This can be described as follows: 
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In the formula k(t) is the permeability, s(t) is the instantaneous amplitude, g is the maximum 
permeability, A is the lowest amplitude for which the membrane is permeable and B specifies the 
rate of which the maximum permeability is approached. In the absence of a stimulus the 
membrane remains permeable at: 
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Neurotransmitter in the hair cell 

The rate of change of the concentration of the cell transmitter level in the hair cell is described by 
the equation: 

)()()())(1( tqtktrctqy
dt

dq −+−=     (3) 

where q(t) is the transmitter level inside the hair cell, k(t) is the permeability, y is the replenish 
rate factor (from the factory), c(t) is the content of transmitter in the synaptic cleft, r is the return 
factor from the cleft. From that we can find that the term y(1-q(t)) is the amount of transmitter 
produced in the factory, rc(t) is the reuptake and the last term k(t)q(t) is the amount of transmitter 
passed to the synaptic cleft. 

Neurotransmitter in the synaptic cleft 

The rate of change of the transmitter level in the synaptic cleft can be described by: 
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)()()()( trctlctqtk
dt

dc −−=      (4) 

where, as before, k(t) is the permeability, q(t) is the transmitter level in the hair cell, c(t) is the 
amount of transmitter in the synaptic cleft, l is a loss factor and r is a return factor. We find that 
the term k(t)q(t) is the amount of transmitter transferred into the cleft from the hair cell, lc(t) is 
the quantity of transmitter lost from the cleft and rc(t) is the amount of transmitter returned to the 
hair cell. 

Spike probability 

The model now describes the change of the amount of neurotransmitter inside the hair cell as 
well as in the synaptic cleft caused by an acoustic stimulus. The output of the model is a train of 
spikes in the auditory nerve that corresponds to that stimulus. The last equation, which completes 
the model, associates the amount of transmitter in the synaptic cleft with the probability of 
generating a spike. Our model relies on the assumption that the spike probability is proportional 
to the amount of transmitter in the synaptic cleft. The equation that describes this is: 

dtthceP )()( =      (5) 

Where P(e) is the spike probability, c(t) is the amount of transmitter in the synaptic cleft and h is 
a proportional factor. 

Equation 5 has a little flaw that must be corrected; we have previously stated that there is a 
period after firing where no spikes can occur, the absolute refractory period, that lasts 
approximately 1 ms. To take the absolute refractory period into account we must add to equation 
5 that the spikes cannot occur more frequently than by 1 ms intervals, that is: 

msdtforeP 10)( <=     (6) 

5.3 Examples of the model 
We have shown the great complexity of the auditory process, the great number of fibres and the 
high frequency of firing. This is the reason why various methods of describing the spike patterns 
have been devised. Some of the most common are 1) rate intensity function, 2) post-stimulus 
time histogram, 3) auditory nerve fibre tuning curve and 4) rate place representation of sounds. 

5.3.1 Rate-intensity function 
This is the simplest way to represent the firing pattern. On the abscissa it has the signal intensity 
and on the ordinate is the average number of spikes per second. First, we present the rate-
intensity curves for three groups of human auditory fibres. The firing rate as a function of 
stimulus intensity has a sigmoidal shape. It is remarkable that the dynamic range of most fibres is 
small (approx 30 dB) while the range of normal hearing subjects is much wider (approx 140 dB). 
This example, obtained from Pickles (1988), can be observed in Figure 10. 
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Figure 10. Rate-intensity curves for three groups of auditory nerve fibres. 
Pickles, 1988. 

 

We can compare the previous graph, derived from physiological observations, with the response 
of the computational Meddis model in Figure 11. 

 

 
Figure 11. Rate-intensity curve of the 1 kHz fibre for pure tones stimuli of 
different frequencies. 

Figure 11 shows the response of a theoretical 1 kHz auditory fibre for five different pure tones. 
The frequency of the tones varies from 0.5 kHz to 2.5 kHz. The selectivity of the fibre is clearly 
appreciable, the response for the 1 kHz tone has the biggest dynamic range and the intensity of 
the tone required to increase the firing rate over the spontaneous level is the smallest. What is 



Speech Music and Hearing KTH 

Miguel Tena Aniés  19 

more important in this figure is the sigmoidal shape of the firing rate as a function of stimulus 
intensity; very similar to the Figure 5. The dynamic range for the 1 kHz tone is also roughly 30 
dB. This similarity with the results of physiological measurements supports the consistency of 
the computational model. 

5.3.2 Post-stimulus time histogram (PST) 
Post-stimulus time histogram shows the number of spikes as a function of time. The abscissa of 
the PST shows time, normally the length of the stimulus, while on the ordinate is the rate of 
firing, the average number of spikes per second. Figure 12 shows the response to a 300 ms tone 
of frequency 1 kHz and intensity 43 dB against a background of silence.  

 

 

Figure 12. Post-stimulus excitation function for the model (dotted line) 
compared to Westerman, 1985 (solid line). 

 

Figure 12 presents a salient feature of the firing pattern of the auditory fibres, the fact that the 
spike rate stabilizes after some time for pure tone stimulus. The response can be grouped in five 
phases according to changes in stimulus and response as outlined in Table 2 obtained from 
Thomas U. Christiansen’s The Meddis Inner Hair Cell Model, 2001. 

 

 
Table 2. The five states in response to a tone burst. The different phases are accompanied with a description of the 
phenomena that provokes them. 



Robust Speech Recognition with an Auditory Model 

20  Miguel Tena Aniés 

 

When the stimulus begins, a big quantity of transmitter is poured into the synaptic cleft 
producing a high firing activity. The next phenomenon is the reuptake (as was explained before a 
part of the transmitter in the synaptic cleft is recovered by the hair cell), which is responsible for 
the rapid term adaptation that can be seen in Figure 12. The loss of neurotransmitter in the cleft is 
accompanied by a pronounced decrease in the firing rate. The next phase of the response (fourth 
entry in Table 1) is a short term adaptation produced by the transmitter injected in the cleft from 
the factory as a compensation for the loss of transmitter in the cleft. When the stimulus stops the 
factory ceases to produce the transmitter and the firing rate returns to the spontaneous level.  

5.3.3 Auditory nerve fibre tuning curve 
A prominent feature of the nerve fibres, mentioned in the previous discussion, is their frequency 
selectivity. Several experiments (Lieberman and Kiang, 1978) have proved that auditory nerve 
fibres show a maximal sensitivity to a particular frequency (the so-called characteristic 
frequency) and a rapid fall off in their sensitivity to other frequencies. Hence, the neuron acts like 
a sharp bandpass filter. We can notice this nature of the auditory nerve fibres in the tuning curves 
in Figure 13. They are for fibres with a variety of characteristic frequencies.  

 

Figure 13. Auditory nerve fibre tuning curve. Reproduced from Liberman 
and Kiang, 1978. 
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We need to compare the results from the physiological experiments with the selectivity of the 
computational model. Figures 14 and 15 show the frequency sensitivity of two different types of 
fibres. The computational response exhibits a perfect symmetry, which makes the computational 
model slightly divergent from the human auditory response. 

 

 
Figure 14. Tuning curve for the 1 kHz fibre. The frequency of the pure 
tones varies from 50 Hz to 5 kHz, following the ERB scale. 

 

 

 
Figure 15. Tuning curve for the 3 kHz fibre. The frequency of the pure 
tones varies from 50 Hz to 5 kHz, following the ERB scale. 
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5.3.4 Rate place representation of sounds 
The last part of the Meddis model that we introduce is the rate place representation of sounds, 
also known as pseudo-spectrum because of its special characteristics. On the abscissa it shows 
the central frequency of the respective nerve fibres and on the ordinate the firing rate. The result 
is very close to a spectrum section, because we can observe the firing rate for different 
frequencies and this can be compared to the energy distributed along a frequency axis. 

The stimulus represented in figures 16 and 17 is a 10 ms signal of the phoneme [s]. 

 

 

 
Figure 16. Representation of 10ms of the phoneme [s] with 64 fibres, the 
central frequency of the fibres follows the ERB scale from 50 Hz to 8 kHz. 
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Figure 17. Representation of 10ms of the phoneme [s] with 32 fibres, the 
central frequency of the fibres follows the ERB scale from 50 to 8 kHz. 

 

We can notice that the representation of the information is very similar using 32 or 64 channels. 
The analysis with 64 different fibres adds minor nuances that slightly affect the classification of 
the phoneme. The small difference between 32 and 64 channels has led us to use 32 channels in 
our study. The main reason is that it speeds up the calculations. 

5.4 Limitations of the model 
We have assumed, in our previous study of the physiology of listening, that all the fibres of the 
auditory nerve have the same behaviour. A closer look at the auditory nerve fibres will divide 
them into three categories according to their spontaneous firing rates, the firing rate in absence of 
stimulus. These three categories are: 1; high spontaneous rate nerve fibres (>18 spikes/second, 
60% of all nerve fibres), 2; medium spontaneous rate fibres (0.5-18 spikes/second 25% of all 
nerve fibres) and 3; low spontaneous rate nerve fibres (<0.5 spike/second, 15% of all nerve 
fibres) (Greenberg, 1986). This peculiar division has an important reason –the different classes of 
fibres respond quite unevenly to a stimulus. For example, the low spontaneous rate fibres are able 
to increase their firing rate with an increasing stimulus amplitude also when the other fibres have 
reached saturation. 



Robust Speech Recognition with an Auditory Model 

24  Miguel Tena Aniés 

This phenomenon, different classes of fibres, is out of the scope of the Meddis model; it only 
models high spontaneous rate fibres. Modelling low and medium spontaneous rate fibres is not 
just matter of adjusting model parameters; it is a much more delicate issue. The reason is that it is 
very difficult to obtain accurate measures of the activation of these types of fibres. Very limited 
experiments have been done with medium spontaneous rate fibres and it is still unknown how to 
interpret their response in isolation.  

The limitation of our model to the 60 % of the nerve fibres is not the only one; another is that 
merely the response to pure tone stimuli is covered by the model. Some experiments have shown 
that the firing pattern of a nerve fibre changes when a second tone of greater amplitude and lower 
frequency is added to the previous tone. This phenomenon is known as synchrony suppression 
and was described by Greenwood in 1986.  

5.5 Computational implementation of the auditory model 
The auditory model used in this study is as explained above a combination of 1) a model for the 
basilar membrane and 2) the Meddis model of the inner hair cells. The first part models how the 
frequency components of an auditory stimulus effect the basilar membrane and the second how 
this information results in a firing pattern of the auditory nerve. The computational 
implementation is done by the Matlab functions described below. All functions below are tools 
available within the MAD (Matlab Auditory Demos) packet developed by Sheffield University. 

For modelling the basilar membrane we use the functions: 

cfs  = MakeErbCFs(lowf, highf, n) 

This function returns a vector of n central frequencies, between lowf and highf frequency 
limits, spaced on an ERB scale. 

bm = gammatone(s, fs, cf) 

This function applies a gammatone filter to the signal s, with sample frequency fs and central 
frequency cf. This function is an implementation of a gammatone filter by the impulse invariant 
transform, as described in M. Cooke’s Modelling Auditory Processing and Organisation, Oxford 
(1993).  

For the Meddis model we use the function: 

an = meddis(bm, fs) 

This function applies Meddis’s inner hair cell model to the input bm, which is supposed to be the 
result of some peripheral filtering (in our case the response of the basilar membrane), having a 
sample frequency fs. This function is also part of the MAD packet. 

The function that brings together all the different parts of the auditory model is 
auditory_model(lowf, highf, n, wav_files). It applies the auditory model to a 
list of audio files. It allows us to select a low and a high cut frequencies. The signal between 
these two frequencies will be processed by our model. We can also choose the number of 
channels n of our model, which determines its precision. The channels are the equivalent to the 
auditory nerve fibres. A higher number of channels gives a more detailed spectrum of the signal, 
as can be observed in Figures 16 and 17. The number of channels is a critical factor for the whole 
model because it determines the size of the input to the neural network. If it is too large the 
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calculations of the neural network will be intractable, if it is too small the spectral resolution will 
be too coarse. The chosen number of channels was 32, a further explanation for this decision can 
be found in section 5.6 “Output of the auditory model”. 

The first step of the auditory_model function is to read the TIMIT files, which are recorded 
in a format named sphere, which is similar to the wav format.  Once read, the signal had to be 
adapted to the Meddis hair cell model; it assumes that an input signal level of one corresponds to 
30 dB. It was necessary to experiment with various signal levels to ensure that the inputs to the 
Meddis model were in the appropriate range. The Meddis function responds at its spontaneous 
rate for signals below 30 dB, and saturates at around 80-90 dB. The TIMIT signal had to be 
amplified 78 dB to satisfy the Meddis requirements. 

Once we have the appropriate signal level we can start the actual processing.  The signal is 
divided into intervals of 10 ms. Then each interval is processed through the gammtone bank of 
filters and after that through the Meddis model. The mean of the Meddis output is considered to 
be the firing rate for a specific channel (nerve fibre) to the 10 ms stimulus. A matrix stores all 
this information, there is one row (its number depends on the length of the input signal) for each 
interval of 10 ms, and there is one column for each nerve fibre or channel (32). Figures 16 and 17 
show examples for one interval of 10 ms. This can be considered as a frequency analysis of the 
interval and a succession of intervals will form a spectrogram for the whole utterance. We store 
this matrix, the result of the auditory process, in another file with the same name and the 
extension “.input” because it is going to be the input to the neural network. We can find 
examples of all the functions mentioned before in the Appendix. 

Up to this point we have studied the background theory of an auditory model and its 
implementation using Matlab functions. Now we can apply the model to the database files and 
extract their frequency information that will allow the neural network to discern the different 
phonemes. All our TIMIT databases have their files divided in two sets -training and testing, in 
order to facilitate the training and test process of the auditory recogniser. All files from both sets 
are processed through the auditory model and stored for posterior use by the neural network. 

5.6 Output of the auditory model 
As we already know, the output of the auditory model is the input to the neural network, which 
will discriminate between phonemes from the information provided by the model. The model 
gives us some freedom to adapt its output so it can better fit the requirements of the neural 
network. This freedom is exemplified by our capability to choose the number of channels and the 
bandwidth of the model. 

The number of channels is one of the critical parameters of the model; it will determine the 
precision of the auditory model. 32 was finally the adopted number of channels. This decision 
was an empirical one; it was obtained after studying the results of neural networks trained with 
16 and 32 channels inputs. The main reason was that a simple neural network (100 units) trained 
with an input of 32 channels outperformed the results of the same network trained with an input 
of 16 channels. The improvement of the global error of the network was higher than the 6 % after 
30 epochs. (Epoch, or iteration, is an important concept for the training of neural networks; an 
epoch is one sweep through all the records in the training set). The number of channels is a 
critical factor for the function of the neural network and it is also important for the size of the 
output files of the model. This size, which increases linearly with the number of channels, gives a 
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limitation to our choice because of the physical space required for the storing of the data. 

Another parameter to define is the bandwidth of the signal. As we already know the TIMIT 
recordings have a bandwidth of 8 kHz, but we can select the part of this signal that we want to 
process and convert to the input of the neural network. We decided to perform experiments with 
two different bandwidths; the first model uses the signal between 50 Hz and 4 kHz and the 
second between 50 Hz and 8 kHz. Some examples of the effect of the difference in the input 
bandwidth to the neural network can be observed in Figures, 18 and 19. Both use 32 channels for 
representing the firing rate; this gives to the 4 kHz analysis the capability of representing more 
details below 4 kHz while the 8 kHz analysis includes information from high frequencies that can 
provide important clues to the recognition of phonemes. Results from both will be provided in 
the following sections. 

 

 

 
Figure 18. Phoneme [ae] with a bandwidth between 50 Hz and 4 kHz. 
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Figure 19. Phoneme [ae] with a bandwidth between 50 Hz and 8 kHz. 

 

The next sections deal with neural networks - their theory and implementation using the NICO 
toolkit. 
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6 Neural networks 
The term “Neural networks” may imply machines that function like brains, but although neural 
networks have some similarity to brains, their study relates to many other branches of science, 
engineering and mathematics.  

A definition of a neural network is provided by Kevin Gurney (1997) “A neural network is an 
interconnected assembly of simple processing elements, units or nodes, whose functionality is 
loosely based on the animal neuron. The processing ability of the network is stored in the 
interunit connection strengths, or weights, obtained by a process of adaptation to, or learning 
from, a set of training patterns”. 

The artificial equivalent unit of biological neurons is presented in Figure 20. Each input is 
multiplied by a single weight and the weighted signals are summed together by a simple 
arithmetic addition. The resulting sum is called node activation. The activation is compared to a 
threshold; if the activation exceeds the threshold, the unit produces a high-value output, 
otherwise it outputs zero. 

 

 

Figure 20.  Artificial Neuron. Reproduced from Gurney, 1997. 

 

The term network refers to a system of artificial neurons. One example of such a network is 
shown in Figure 21. Its nodes are arranged in a layered structure. In this case each input passes 
an intermediate layer before reaching the output. This feedforward structure is only one of 
several possible, but it is simple for classifying an input pattern into one of several output classes. 
For example, if the input consists of encoded patterns of English phonemes, the output layer may 
contain 61 nodes - one for each symbol. 
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Figure 21. A Two-layer Neural Network. Reproduced from Gurney, 1997. 

 

The knowledge of the network is stored in its weights. These weights must be learnt. To achieve 
this, a process of adaptation to stimuli from a set of examples is required. In a training paradigm 
called supervised learning an input pattern is presented to the net and its response is compared to 
an output target. The difference between the network output and the expected output determines 
how the weights of the net are altered. A series of training patterns are presented to the net, and 
the weights are iteratively updated so its response to each pattern is closer to the corresponding 
target. After the training it is supposed that the network has learnt the underlying structure of the 
problem, this is called generalization. If the network can classify an unseen pattern correctly it 
has generalized well. The algorithm we have used for this supervised learning is called 
backpropagation, a well known, fast method that is easily implemented. 
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7 The utilised neural network 
This section will explain the topology of the actual neural network used for this study and its 
background theory. The idea of starting with the description of the neural network is to simplify 
the theoretical study because it can be focused on the specific kind of network. As was stated 
before, the NICO toolkit contains the tools necessary for implementing the neural network. The 
lack of a graphical support for viewing the networks of the toolkit is compensated by the high 
flexibility that makes it possible to create networks with almost any desired topology. 

7.1 Topology 
The topology of the network is critical because it will determine the functional capability of the 
phoneme classifier. The first step is to decide the number of hidden layers; it is important to 
know how complex the decision surface may be for a given number of hidden layers. It was 
proved (Funashashi, 1989) that, “using a single hidden layer, it is possible to approximate any 
continuous function as closely as we please” (Kevin Gurney, p. 78). Regarding the classification 
problem, Wieland & Leighton, 1987, have demonstrated the ability of a single hidden layer to 
allow a non-convex decision region and Makhoul et al. (1989) extended this result to 
disconnected regions. In general, any region can be picked out using a single hidden layer. 

The speech signal has dynamic features, such as formant movements, that are very important for 
phoneme recognition. These time-dependant features are not explicit in the short time frequency 
analysis provided by the auditory model. This lack of temporal information in the input to the 
network makes it important for the structure of the network to deal with the time dilemma. 

Some steps in this direction have been previously taken. Waibel et al. (1987) introduced time-
delay neural networks TDNN; this is a special network architecture where units are connected to 
lower layers units with time-delayed connections. The activity of the units depends on the current 
lower layer unit activations and also on previous or future activations. It is possible to have both 
time-delay and look-ahead connections; the only consequence of this is that the computation of 
activations in higher layers must be delayed until the activations of the look-ahead connections 
are known. The use of TDNN made an important improvement in the phoneme recognition task 
(Boulard and Morgan, 1993). 

Another approach to include temporal information in the classification of a neural network is to 
connect units from the same layer between them with a delay of one time-step, the recurrent 
connections. This is called recurrent neural networks RNN architecture, (Rumelhart, Hinton and 
Williams, 1986). The difference between TDNN and RNN is that in the last case the activity of a 
unit at a particular time depends on the activities of the rest of the units from its same layer and 
on the activities of lower units at all previous times. This was the most successful architecture for 
phoneme recognition in the early 90’s (Robinson, 1994). 

The NICO toolkit allows us to combine the two architectures studied above so our network will 
benefit from both topologies, the RTDNN. Recurrence and time-delays are constrained only by 
the condition that the activation of a unit cannot be dependent on its own activity at the present or 
future times. NICO converts all the connections to time-delays when the network runs, but this is 
completely hidden from the user. Figure 17 provides a schematic view of the RTDNN 
architecture adopted in our study. 
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Figure 17. The combined architecture (RTDNN) with both time-delay 
windows, and recurrent connections. 

 

 

The number of units in the input layer is 32; the number of channels at the output of the auditory 
model specifies the size of the input layer of the neural network. The number of TIMIT symbols 
controls the size of the output layer, in this case 61 units; one output for each one of the symbols 
that the network should classify. We chose the number of hidden units to be 400; the same 
number as the cepstral recognition system which we use as a reference system. This way the 
number of neural network connections of both recognition systems is of the same magnitude. 

The NICO toolkit permits us to select the activation function of the neural units among a set of 
mathematical functions. We use the standard tanhyp (tangent hyperbolicus) function also used in 
the reference cepstral recogniser.  

Regarding the network connections we use the same design as the reference recogniser and 
follow the scheme found in Ström’s Phoneme Probability Estimation with Dynamic Sparsely 
Connected Artificial Neural Networks, 1997. The input layer is connected to the hidden layer 
with a skewed time-delay window with dynamic connections going from a three frame look-
ahead to the current frame, and no delayed connections. The reason for this skewed window is 
that the hidden layer has recurrent connections with time-delays ranging from one to three 
frames. These recurrent connections provide the hidden layer with additional information about 
the state of the network at past frames. The hidden layer is connected to the output units with 
another skewed window from the current frame to one look-ahead frame. Figure 18 illustrates the 
topology of the neural network. 
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Figure 18. Network topology of the RTDNN. 

 

The total number of connections is 580461, slightly more than the 550061 connections of the 
reference system. The main difference is found in the size of the input layer. The cepstral 
network has 13 input units because of the used 13 cepstral parameters whereas the size of the 
input to our model is 32, the number of channels of the auditory model. 

The NICO toolkit offers a considerable number of commands for building neural networks. The 
hierarchical structure adopted by the toolkit makes it very easy to specify multi-layer networks 
with a large variety of topologies. A script file for creating a network corresponding to the 
topology specified above is found in the Appendix. 

7.2 Training, basic theory 
The only training algorithm available in NICO is a fast implementation of the back-propagation 
learning algorithm adapted for training networks with recurrence and time-delay windows. The 
equations that describe this algorithm are from Ström, 1997, and are briefly explained below. 

The activation of the units: 
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The target values for the output units are 1.0 for the unit corresponding to the correct class and 
minus 1.0 for all the other units. The objective function for the backpropagation training is based 
on the cross entropy distance. If the target output activation for unit i���� i the contribution, ei, to 
the cross entropy of a tanhyp unit is: 










1 = 

1− = 






 +






 −

=

i

i

i

i a

a

e

τ

τ ι

 if

 if   

2

1
log

2
1

log
     (3) 

The objective function, E, is the sum of ei for all units and input patterns, so the derivative with 
respect to the activity is: 
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Further, the derivatives with respect to the connection weights are generalized to: 
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Training the RNN is an optimization problem; we have to find the set of weights that minimizes 
the objective function E. The equations (4) and (6) provide us with the derivatives of the 
objective function with respect to the connection weights; this makes the use of gradient descent 
methods practicable. This method is described in the following equations: 
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where superscript (n) indicates a parameter after iteration n,  is the momentum parameter and  
is the gain parameter. 

The simple updating scheme presented in (7) works well for networks without delayed 
connections that can be updated every input pattern. The problem becomes more complex when 
we are dealing with backpropagation through time (recurrence), because the derivatives depend 
on the whole sequence of patterns, not only on the current pattern. The approach chosen by 
Ström is to update the weights every N frames, i.e., “approximate the derivative based on sub-
sequences of the training data” (Ström, 1997, p. 12). The gradient calculated in this way is an 
approximation; it is based on a small number of points and does not take into account the 
activities of all preceding points (as the derivatives presented in (4) do). 
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7.3 Utilization of the network 
Our recognition system is a combination of our auditory model with a neural network. The 
auditory model extracts features of the speech signal that are used as input to the neural network. 
The neural network is trained to classify the different phonemes. A sequence of training patterns 
is presented to the network while updating its weights until a performance criterion is reached. 

We now have a topology and a training algorithm for the neural network and also a set of TIMIT 
speech files processed by our auditory model available for training it, but before we can start to 
actually train the network there are still many parameters left to handle. 

7.3.1 Weight initialization 
The initial connection weights are very important for the performance of the backpropagation 
algorithm. The result of the network is heavily influenced by the initial values of its weights, 
since they influence the local minimum that can be found by the algorithm. The most common 
method (e.g. Ström, 1997) is to initialize the weights to small random values making the tanhyp 
units to operate in their linear region. For the training of the networks the weights are initialized 
to square distributed random values between -0.1 and 0.1. 

7.3.2 Input normalization 
The values of the firing patterns input to the neural network comprise between 50 spikes, for 
spontaneous activation, and 350 spikes, for saturation of the fibres. In order to find good local 
minima it is desirable that the activities of the input units are of a similar magnitude as the rest of 
units of the network, which are going to be in the range [-1.0, 1.0]. This can be achieved by 
applying a linear normalization to the input values. The NICO toolkit has a tool (NormStream) to 
determine the coefficients of the linear transform. The normalization tool collects second order 
statistics of the training examples and linearly transforms each input to a variable with zero mean 
and controlled variance. The standard deviation chosen for these experiments was 1.0. 

7.3.3 Generation of symbol targets 
Before being able to run the backpropagation algorithm we need a symbol target for each 10 ms 
frame of the input files. The tool Lab2Targ does this using the time-marks of the phonetic 
transcription files of the database. 

7.3.4 Training 
We are now in a position to proceed with the training of the network. BackProp is the tool that 
implements the training algorithm described before. It is the most important tool of the toolkit 
and we have to decide many parameters that will influence the performance of the training. First, 
we have to decide when we want to update the weights. In all simulations the weights were 
updated every 20-30 frames, following the suggestions by Ström (1997, p. 12). The exact number 
of frames between each update is selected randomly from a square distribution between 20 and 
30. Another critical parameter is the gain ( ); after empirical experiments we chose an initial 
value of 10-5. From statistical theory it is known that backpropagation with stochastic updating 
converges to a local minimum only if the gain parameter fulfils certain constraints. Juang and 
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Katigari (1992) give the following conditions for convergence: 
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The solution is to decrease the gain parameter during the optimization. Backprop gives the 
possibility of studying the performance of the network after each epoch using a validation set. 
This requires us to divide the training data into a training set and a smaller validation set. Every 
time the objective function over the validation data fails to decrease, the gain is reduced. The 
factor of reduction is 0.8 and it is constant during the training. Empirical studies indicated that 
the reduction should not be larger or the gain would be too small to further improve the network. 
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empirically chosen to 0.7 and remained constant over the whole optimization process.  

The last parameter to choose is the number of iterations or epochs. To avoid the problem of 
overfitting this number can not be too large; although the global network error is reduced for the 
training data it can increase for the test data. This undesirable behaviour can be avoided by 
checking the evolution of the error over the validation set. The total number of iterations also 
depends on the evolution of the whole optimization process. The training of both networks,         
8 kHz and 4 kHz bandwidth, required 30 iterations. The training time was around 10 days on a 
2.66 GHz standard PC computer. 

The next graph shows the evolution of the training error as a function of the number of epochs 
for both the 8 kHz and 4 kHz speech data. 
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Figure 19. Evolution of the global training error over the number of epochs, for the 8 and 4 kHz 
bandwidth models. 
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It can be observed that the training error is continuously decreasing, following the shape of an 
exponential function. In the beginning, the error of the two networks has very similar values until 
they start to diverge around the tenth epoch. The network trained with 8 kHz bandwidth 
asymptotically approaches an error of 1.80 whereas the 4 kHz network approaches 1.90. We can 
divide the evolution of the training error in two phases - the first 10 iterations, where the largest 
decrease occurs, and the following iterations. During the first phase the decrease is fairly stable 
with the largest reductions of the error during the first epochs; the network has started with 
random weights, which have a huge potential to be improved. During the second phase the 
decrease is performed in steps, the most important steps spread out at intervals after a reduction 
of the gain parameter (this is no very obvious in the Figure, but can be seen in Tables 3 and 4 in 
the Appendix). At the last epoch the reduction of the error is practically unnoticeable and does 
not influence the percentage of correct frames discerned by the network. The network has entered 
a phase where a small gain does not improve the performance of the network. Continuing the 
training may still reduce the training error, but it would probably lead to an overfitting of the 
network, worsening the test set error. 

We will now present the development of the percent of correctly classified frames as a function 
of the number of iterations. These results were obtained by checking the performance of the 
network after each epoch over a set of 120 evaluation utterances, the validation set. This 
validation set was obtained by randomly selecting 15 sentences from each dialect region of the 
TIMIT training set. 
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Figure 20. Percent correct frames as a function of the number of epochs for the 8 and 4 kHz bandwidth models. 
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Whereas the training error continuously decreases the percent correct frames alternately increases 
and decreases, compare Figure 20. The 8 kHz network approaches 54.5 % correct frames while 
the 4 kHz approaches 53 %. As we have explained above, the gain parameter is reduced each 
time the number of correct frames decreases. The effects of changing the gain parameter can be 
observed in the previous graph. Each reduction of the performance of the network is followed by 
an increase; a result of the reduced gain parameter that allows the network to learn more subtle 
details from the training set. When the gain parameter has been reduced to a tenth percent of its 
initial value (after 10 reductions) the change in the weights of the network are too small to cause 
any improvement in its performance. This can be observed at the last iterations where the percent 
of correct frames remains practically constant. 
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8 Recognition results 
It is necessary to make remarks on some particularities of the databases before studying the 
recognition results. The CTIMIT database, besides adding mobile telephone noise, has a different 
sampling frequency than the other databases; it is 8 kHz, half of the normal frequency. This 
causes the loss of all acoustic information above 4 kHz and since all systems were trained at     
16 kHz it was necessary to adapt the signal before obtaining the evaluation results. The 
resampling to 16 kHz was done with the sox tool available in linux. The most noteworthy feature 
of the Far Field Microphone TIMIT is the decrease in 4 dB of the average power of the speech 
signal and a significant amount of low frequency noise. This noise was especially harmful for the 
Meddis model used in the development of the human based system as can be seen in Figure 21. 

 
Figure 21. Response of the auditory model (8 kHz bandwidth) to a FFMTIMIT frame of the TIMIT [sh] symbol. 

 

The disturbances at the low frequency channels are very important, they even get a higher firing 
rate than the rest of the signal, and confuse the neural network in the recognition task. The 
disturbance can be drastically reduced by filtering the signal before the auditory processing. An 
example of the same frame using a high-pass Butterworth filter with cut off frequency of 300 Hz 
is presented in Figure 22. 
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Figure 22.  Response of the auditory model (8 kHz bandwidth) to a FFMTIMIT frame of the TIMIT [sh] symbol 
after a high-pass Butterworth filter. 

 

The response of the auditory model to the filtered signal is much more similar to its response to 
the TIMIT database. The only appreciable difference is the intensity of firing rate; for the 
FFMTIMIT case it is lower because of the smaller power of the signal. The filter was used to 
obtain the results for the FFMTIMIT database.  

Now that the networks of the human based system are completely trained, we are going to 
present their results and compare their performance to the cepstral system. The scoring method is 
frame-by-frame correct rate, i.e. the ratio between number of correctly classified frames and total 
number of frames. It was chosen because it is the method used to score the performance of the 
reference system. As we may remember, there are four different TIMIT databases, one with 
noise-clean recordings and the other three with some kind of disturbances added. Results will be 
presented for all four databases. We have two sets of symbols; the 61 symbols of the TIMIT 
database are sometimes considered a too narrow description for practical use, we also present 
results with the reduced set of 39 symbols described in section 2.4. The neural network always 
discriminates between the full 61 symbols and after that the output symbol string is mapped to 
the reduced set for evaluation. The evaluation is done for all the test utterances of the four TIMIT 
databases with the help of Matlab functions that compare the output of the neural network with 
the phonetic transcription file. The results for the four databases are presented in Figures 23 and 
24. 
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Figure 23. Recognition results of the three different systems; cepstral 8 kHz, auditory based 8 kHz and 
4 kHz  for the four different TIMIT databases using the 61 symbol set. 
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Figure 24. Recognition results of the three different systems; cepstral 8 kHz, auditory based 8 kHz and 
4 kHz for the four different TIMIT databases using the 39 symbol set. 
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The reference, cepstral model obtains the best results for the clean database, performing the 
recognition task 3 % better than the best auditory based model (8 kHz bandwidth). However, the 
human based models take advantage of the physiological information to outperform the cepstral 
model for the noisy databases, NTIMIT and CTIMIT, where the recognition task is 5.5 % and  
2.5 % better, respectively. FFMTIMIT is a special case, as explained before, where the cepstral 
model obtains better results, but they are very similar to the results obtained for the clean speech 
database. The next figure shows the relative difference between the human based models and the 
reference cepstral model. 
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Figure 25. Relative frame rate recognition rate difference between the physiologically based models 
compared to the reference model. 

 

We can notice the large improvement gained for the telephone and mobile telephone network 
databases, especially for the 61 symbols set where the improvements are over the 30 %. 
However, for the clean database and FFMTIMIT the auditory models do not achieve as good 
performance as the conventional reference system. 

Comparing the two human based recognizers we find that the one trained with an 8 kHz 
bandwidth obtains better results for all the databases except for the NTIMIT, where the 4 kHz 
recognizer obtains the best results with 42 % correct frames for the 39 symbol set. This can be 
explained because the telephone network, used during the creation of the NTIMIT utterances, 
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filters the signal above 3.6 kHz, which is normal for telephone networks. Thus the system trained 
with a 4 kHz bandwidth has an important advantage against the model trained with an 8 kHz 
bandwidth. 

The results for the CTIMIT database are low for all three models. This database is the one that 
adds most distortion, a mobile phone network, to the signal. Another problem is the necessity of 
resampling the examples to 16 kHz which induces harmonic distortion.  

Figure 26 shows the confusion matrix after recognition of 20 utterances of the test set. High 
values along the diagonal show correct phoneme recognition. The most common confusions of 
the recognizer are the p, s, sh and z phonemes that are confused between themselves or with 
silence. The system also has a problem to discriminate between the nasal m and n phonemes. Not 
so remarkable is the confusion between the vowels eh and aa, and between r and er. 

 

 
                     b  d  g  p  t  k  dx  jh  ch  s  sh   z   f   th  v  dh   m  ng   l   r   w y  hh  iy ih eh ey ae aa aw ay ah oy ow uh uw  er  sil  

 

Figure 26. Confusion matrix for 20 utterances of the test set, 39 symbol set. 

 

The compression of the 61 symbol set into a broader transcription set is always accompanied by 
an increment of the correctly recognised frames. This is logical because some of the errors in the 
recognition of the 61 symbols involve confusion between related symbols that have the same 
representation in the 39 symbol set. 
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9 Conclusions 
The physiological models have proven to be more robust against telephone network noises than 
the conventional recognizer based on mel frequency cepstral coefficients. The relative 
improvement was 30 to 40 % when measuring the correctly classified 10 ms frames. The 
auditory model succeeds to cope with these noises but does not performs as well for the clean 
database; for this task the best human based model loses 4 % recognition rate against the 
conventional model. Other researchers have reported the same experience, e.g. “Front ends 
based on the human auditory system perform comparably to, and can slightly reduce the error 
rate of an MFB (Mel Filter Bank) cepstral-based speech recognition system for isolated words 
with noise and some spectral variability conditions.”  “For the conditions with low baseline 
error rates (e.g., “Clean”), the MFB cepstral outperforms the auditory models.” Jankowsky et 
al., 1995. Other researchers have obtained also reductions in error rates with auditory models. 
For example, Ghitza at AT&T Bell Laboratories showed “significant error rate reduction (e.g., 
approximately 20 % error rate with EIH as opposed to approximately 65 % with a more 
conventional front end at 12 dB SNR) with an isolated word recognition task using the EIH 
model.” Ghitza, 1992, (compare section 4.2.3). 

The most severe problems were found for the FFMTIMIT database, the presence of a strong 
distortion at low frequencies made it necessary to filter the signal. The results using the filter 
were similar to the ones obtained with the clean speech database.  

It is important to remark that the topology of the networks has been kept as close as possible to 
the topology of the cepstral model, in order to be able to compare the results of the different 
auditory models. The topology of the cepstral network was constrained by its application, 
SYNFACE – a talking face telephone. The goal of SYNFACE is to create a talking face 
controlled by the incoming telephone speech signal. This could facilitate speech understanding 
by providing lip-reading support (SYNFACE – a talking face telephone, Karlsson et. al., 2003). 
It is a real-time application and this is why it is very important to avoid delays in the analysis. 
“Delaying the total signal should not exceed 200/300 ms in order to avoid communication 
problems on the phone”, (Karlsson et. al., 2003, p. 1299). This is why the cepstral network does 
not have delayed connections; the output of the network is completely straight-forward. 
Improvement on the performance of the network can be achieved by widening the connection 
window, including also delayed connections. Experiments were conducted with networks with 
wider connection window. The window from the input layer to the hidden layer included 
connections from 1 delayed frame to 5 look-ahead frames and the window between the hidden 
and output layer added a delayed frame to the previous topology. The increase in the number of 
connections was close to 10 %. The new topology improved the performance for the 4 and 8 kHz 
networks for all databases but the FFMTIMIT. The biggest improvement was obtained for the 
noise-free database (TIMIT) where the 8 kHz network reached close results to the cepstral 
model; 2 % worst recognition for the 61 symbol and 1 % for the 39 symbol set. 

The auditory model achieves important improvements for the telephone network noises. This 
makes the auditory model especially useful for telephone network applications, as was the 
SYNFACE task.  
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11 Summary 
The paper presents a phoneme recogniser based on features of the human auditory system. 
Comparing the recognition rate of the system against a conventional system shows that 
knowledge of the human auditory properties allows the system to improve the recognition 
performance in noisy environments. However, it is not as good as conventional recognizers for 
clean speech. 
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Appendix 
 

A.1 Auditory model 

 

auditory_model(lowf, highf, n, wav_files) 

% This function provides the output of the ear model for a given input 

% signal. The analysis is done dividing the the audio signal in intervals 

% of 10 ms. These intervals feeds the ear model (gammatone and meddis 

% model). The output is a matrix (result) where each line is the analysis 

% of 10 ms of the signal. The number of columns depends on the precision 

% of the analysis (number of channels). 

 

% parameters 

 

LOWCF = lowf;      % lowest centre frequency in Hz 

HIGHCF = highf;   % highest centre frequency in Hz 

NUMCHANS = n;    % number of channels  

FS = 16000;        % sampling frequency in Hz 

wav_list = wav_files;   % list of wav files 

line = 1; 

 

% make the list of centre frequencies (ERB scale) 

 

cf = MakeErbCFs(LOWCF,HIGHCF,NUMCHANS); 

 

% load the list of wav files 

 

wav_files = importdata(wav_list);    % list of wav files  

file_num = length(wav_files);        % number of wav files to read 

 

% for-loop. Obtain the auditory nerve response for all the files 

 

cd /afs/md.kth.se/tmh/proj/corpora/timit/timit/timit/test; 

for i = 1:1:file_num 

 

    % read sphere format  

     

    name_file = wav_files(i); 

    useful_name = char(name_file); 

    [x,hdr,fidx] = readsph(useful_name); 
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    x = x .* 8192;       % adapt the amplitude of the signal to values according the  
     % model 

    lx = length(x)-160;   % avoid excess of dimensions in loop for  

 

    % ear model 

 

    ncs=1:NUMCHANS;  

    result = []; 

    line = 1; 

 

    for j = 1:160:lx     % loop for dividing the signal in intervals of 10 ms  

                         % (160 samples = 10 ms for fs=16000) 

     

        for chan=ncs    % loop for the channels 

bm = gammatone(x(j:j+159)’,FS,cf(chan));  % basilar membrane response   

         % for a specific channel 

         an = meddis(bm,FS);              % auditory nerve response 

             fr = mean(an);     % firing rate 

             result32(line,chan)=fr;             % matrix, each line is the analysis 

         %of 10 ms signal 

        end 

     

        line = line + 1;           % next row of the result matrix 

    end 

 

    % save the results in a file 

    [pathstr, name, ext, ver] = fileparts(useful_name(2:length_useful_name)); 

    exto = ’.input’; 

    output_name = strcat(name,exto);        %name of the output file 

    output_file = fullfile(’/space/miguelt/timit/8khz/test’, pathstr, output_name);  

    warning off MATLAB:MKDIR:DirectoryExists; 

    [s,mess,messid] = mkdir(’/space/miguelt/timit/8khz/test’, pathstr); 

    save(output_file, ’result’);       %saving results 

     

end 

 

cfs  = MakeErbCFs(lowf, highf, n) 

% Make an ERB spaced vector 

% 

%  cfs=MakeErbCFs(lowf,highf,n) 

%  Returns a vector of n filter centre frequencies, between lowf and 

%  highf frequency limits spaced on an ERB scale (this approximates 

%  the frequency scaling of human listeners).   
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% 

%  See also: erb, ErbRateToHz, HzToErbRate 

 

y=ErbRateToHz(linspace(HzToErbRate(lowf),HzToErbRate(highf),n)); 

 

bm = gammatone(s, fs, cf) 

% GAMMATONE   4th order gammatone band-pass filter 

%    Applies a gammatone filter to signal s, with sampling frequency, 

%    fs (in Hz) and centre frequency cf (in Hz). The filter output is 

%    simulated basilar membrane displacement. 

% 

%    This function is an implementation of a gammatone filter by the 

%    impulse invariant transform, as described in M. Cooke (1993), 

%    Modelling Auditory Processing and Organisation, Oxford. 

 

delay=1; 

if nargin == 4 

  delay = floor(gammatoneDelay(cfhz,fshz)); 

  x=[x zeros(1,delay)]; 

  delay=delay+1; 

end; 

 

wcf=2*pi*cfhz;  % radian frequency 

tpt=(2*pi)/fshz; 

bw=erb(cfhz)*bwcorrection; 

a=exp(-bw*tpt); 

kT=[0:length(x)-1]/fshz; 

gain=((bw*tpt)^4)/6; % based on integral of impulse response 

 

q=exp(-j*wcf*kT).*x;                         % shift down to d.c. 

p=filter([1 0],[1 -4*a 6*a^2 -4*a^3 a^4],q); % filter: part 1 

u=filter([1 4*a 4*a^2 0],[1 0],p);           % filter: part 2 

bm=gain*real(exp(j*wcf*kT).*u);              % shift up in frequency 

 

% apply phase-correction 

bm=bm(delay:length(bm)); 

 

if nargout > 1 

   % further filtering to reveal instantaneous parameters 

   env = gain*abs(u) 

   env=env(delay:length(env)); 

   if nargout == 3 

      instf=real(cfhz+[diff(unwrap(angle(u))) 0]./tpt) 
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      instf=instf(delay:length(instf)); 

   end 

end 

 

an = meddis(bm, fs) 

%    Applies Ray Meddis’s IHC model to input bm, which is assumed to be 

%    the result of peripheral filtering (i.e. gammatone), having a 

%    samplign frequency fs. Note the need for correct normalisation 

%    prior to this routine in order that the hair cell is in the 

%    operating range for signals around 30-60 dB SPL.   

% 

%    This function implements the model described in R. Meddis (1988) 

%    Simulation of auditory neural transduction: Further studies, 

%    J. Acoust. Soc. Am, 83, 1056-1063.  

 

% hair cell constants from Meddis 1988 paper 

MED_Y=5.05; 

MED_G=2000.0; 

MED_L=2500.0; 

MED_R=6580.0; 

MED_X=66.31; 

MED_A=3.0; 

MED_B=300.0; 

MED_H=48000.0; 

MED_M=1.0; 

 

dt=1/fs; 

ymdt=MED_Y*MED_M*dt;  

xdt=MED_X*dt;  

ydt=MED_Y*dt; 

lplusrdt=(MED_L+MED_R)*dt; 

rdt=MED_R*dt; 

gdt=MED_G*dt; 

hdt=MED_H; 

kt=MED_G*MED_A/(MED_A+MED_B); 

c=MED_M*MED_Y*kt/(MED_L*kt+MED_Y*(MED_L+MED_R)); 

q=c*(MED_L+MED_R)/kt; 

w=c*MED_R/MED_X; 

  

len=length(bm); 

hc=zeros(1,len); 

 

for t=1:len 
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  x=bm(t)+MED_A; 

  if (x > 0.0) 

    kt=gdt*(x/(x+MED_B));  

  else  

    kt=0.0; 

  end 

  if (q < MED_M )  

    replenish=ymdt-ydt*q;  

  else  

    replenish=0.0; 

  end 

  eject=kt*q; 

  reuptakeandloss=lplusrdt*c;  

  reuptake=rdt*c;  

  reprocess=xdt*w; 

  q = max(0.0,q+replenish-eject+reprocess); 

  c = max(0.0,c+eject-reuptakeandloss); 

  w = max(0.0,w+reuptake-reprocess); 

  hc(t) = hdt*c; 

end 

 

To study the function of the auditory model we used the next Matlab functions. 

 

Gammatone_response 
% this functions plots the bank of filters that simulates the movement of 

% the basilar membrane 

 

fs = 16000;   %sample frequency 

x=zeros(1,2048);      % delta function 

x(1)=1; 

 

n=MakeErbCFs(50,8000,10);   % ERB scale 

 

 

for i=n 

    out=gammatone(x,fs,i);      %impulsional response of gammatone 

    c=mod(i/10000,1);        % colour of the graphic 

    logfft=log10(abs(fft(out)));       % Fourier transform of gammatone 

    plot(1:1025,logfft(1:1025),’Color’,hsv2rgb(c,1,1)); % first 1024 samples of Fourier transform 

    hold on; 

    zoom on; 

end 
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Rate_intensity 
% rate-intensity curves. The firing rate as function of stimulus intensity 

 

SF = 16000;     % sample frequency 

TF = 1000;      % tone frequency 

db = 0:10:90;   % intensity 

 

frate = zeros(1,length(db)); 

 

for f=500:500:2500                    %center frequency of the fibre nerve 

 for i=1:length(db) 

  x=tone(TF,db(i),200,10,SF);  % 1kHz tone 200 ms 

  outGamma=gammatone(x,SF,f); 

  outMeddis=meddis(outGamma,SF); 

     frate(i)=mean(outMeddis); 

 

   end 

   figure; 

   plot(db,frate); 

   hold on; 

   zoom on; 

end 

 

 

Nerve_response 
% this function draws frequency-intensity graphs. They are the response of a 

% particular fibre nerve to tones of different intensity and frequency 

 

LOWCF=50;                    % Lowest center frequency 

HIGHCF=5000;                 % Highest center frequency 

NAMPS=30;         

NFREQS=30; 

FS=16000;                    % Sample frequency 

NERVF=1000;                  % Fibre frequency 

 

db=linspace(0,80,NAMPS);          % list of intensities 

freqs = MakeErbCFs(LOWCF,HIGHCF,NFREQS);   % list of frequencies (ERB scale) 

im=zeros(NAMPS,NFREQS); 

for fi=1:NFREQS     %frequency 

   for ai=1:NAMPS   %intensity 

        x=tone(freqs(fi),db(ai),200,10,FS); % tone 200 ms duration 

        outGamma=gammatone(x,FS,NERVF);     % basilar membrane output 

        outMeddis=meddis(outGamma,FS);    % hair cells output 
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        im(ai,fi)=mean(outMeddis); 

    end 

end 

 

figure; 

pcolor(im); 
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A.2 Neural network 

 

A.2.1 Scripts 

 

The next script presents the used instructions to create a recurrent neural network following the 
topology described in this paper and train it with the backpropagation algorithm.  

 

COMMAND> CreateNet shora.rtdnn shora.rtdnn 

COMMAND> AddStream -x input -d  -F ascii 32 r MEDDIS shora.rtdnn 

COMMAND> AddGroup meddis shora.rtdnn 

COMMAND> AddUnit -i -u 32 meddis shora.rtdnn 

COMMAND> LinkGroup MEDDIS meddis shora.rtdnn 

COMMAND> AddStream -x targ -d  -F ascii -S phoneme_set 61 t 
PHONEME shora.rtdnn 

COMMAND> AddGroup phoneme shora.rtdnn 

COMMAND> AddUnit -o -S phoneme_set phoneme shora.rtdnn 

COMMAND> LinkGroup PHONEME phoneme shora.rtdnn 

COMMAND> SetType -O cross phoneme shora.rtdnn 

COMMAND> AddGroup features shora.rtdnn 

COMMAND> AddUnit -u 400 features shora.rtdnn 

COMMAND> Connect -D 0 3 meddis features shora.rtdnn 

COMMAND> Connect -D 1 3 features features shora.rtdnn 

COMMAND> Connect -D 0 1 features phoneme shora.rtdnn 

COMMAND> NormStream -S -s MEDDIS -d 1.0 shora.rtdnn train 

COMMAND> BackProp -S -g 1e-5 -m 0.7 -F 20 30 -. -p shora.log -i 
30 -V testing PHONEME -C 0.8 20 shora.rtdnn train 

COMPLETION> BackProp terminated with E = 1.878e+00 after 234h 
11min 8.4sec of user run-time 
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A.2.2 Log files 

 

The next table shows the training evolution of the 4 kHz network. 

 
****************** BackProp - Logfile ***************** 

HOST   : calc05.speech.kth.se  PID    : 22980 

Started: Tue Apr 20 20:05:01 2004 

Command: BackProp -S -g 1e-5 -m 0.7 -F 20 30 -. -p bahar.log -i 30 -V testing PHONEME -C 0.8 20 bahar.rtdnn 
train 

******************************************************* 

Iteration   Global Error   Pruning        Validation 

      |            |                 C%   U%     %Correct   Error 

............................................................ 

      1      3.334e+00     0.2  0.2     35.8  3.288e+00 

............................................................ 

      2      2.915e+00     0.7  0.6     39.1  3.055e+00 

............................................................ 

      3      2.781e+00     1.1  1.0     41.5  2.937e+00 

............................................................ 

      4      2.694e+00     1.4  1.2     42.9  2.907e+00 

............................................................ 

      5      2.625e+00     1.6  1.4     41.8  2.894e+00 

*** Reducing gain to 8.00e-06. Reduction number 1 (max 20) 

............................................................ 

      6      2.524e+00     1.8  1.6     43.8  2.840e+00 

............................................................ 

      7      2.485e+00     1.9  1.7     46.1  2.693e+00 

............................................................ 

      8      2.451e+00     2.0  1.8     46.3  2.718e+00 

............................................................ 

      9      2.428e+00     2.2  1.9     46.8  2.623e+00 

............................................................ 

     10      2.398e+00     2.3  2.0     47.5  2.638e+00 

............................................................ 

     11      2.376e+00     2.4  2.1     47.9  2.605e+00 

............................................................ 

     12      2.354e+00     2.5  2.2     48.4  2.602e+00 

............................................................ 

     13      2.339e+00     2.6  2.3     47.5  2.631e+00 

*** Reducing gain to 6.40e-06. Reduction number 2 (max 20) 

............................................................ 

     14      2.271e+00     2.7  2.4     47.3  2.657e+00 

*** Reducing gain to 5.12e-06. Reduction number 3 (max 20) 

............................................................ 

     15      2.214e+00     2.7  2.4     47.9  2.564e+00 
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............................................................ 

     16      2.201e+00     2.7  2.4     50.1  2.469e+00 

............................................................ 

     17      2.189e+00     2.7  2.5     49.2  2.496e+00 

*** Reducing gain to 4.10e-06. Reduction number 4 (max 20) 

............................................................ 

     18      2.147e+00     2.8  2.5     49.8  2.475e+00 

............................................................ 

     19      2.134e+00     2.8  2.5     50.5  2.460e+00 

............................................................ 

     20      2.125e+00     2.8  2.5     51.1  2.459e+00 

............................................................ 

     21      2.114e+00     2.8  2.5     50.0  2.466e+00 

*** Reducing gain to 3.28e-06. Reduction number 5 (max 20) 

............................................................ 

     22      2.079e+00     2.8  2.6     51.2  2.418e+00 

............................................................ 

     23      2.070e+00     2.9  2.6     52.0  2.391e+00 

............................................................ 

     24      2.062e+00     2.9  2.6     51.8  2.408e+00 

*** Reducing gain to 2.62e-06. Reduction number 6 (max 20) 

............................................................ 

     25      2.029e+00     2.9  2.6     52.1  2.388e+00 

............................................................ 

     26      2.022e+00     2.9  2.6     51.6  2.408e+00 

*** Reducing gain to 2.10e-06. Reduction number 7 (max 20) 

............................................................ 

     27      1.994e+00     2.9  2.6     52.4  2.390e+00 

............................................................ 

     28      1.987e+00     2.9  2.6     52.2  2.378e+00 

*** Reducing gain to 1.68e-06. Reduction number 8 (max 20) 

............................................................ 

     29      1.963e+00     2.9  2.6     52.5  2.384e+00 

............................................................ 

     30      1.957e+00     2.9  2.6     52.6  2.382e+00 

******        BackProp terminated normally       ****** 

******          Fri   Apr  30 12:17:06 2004         ****** 

******************************************************* 

Table 3. Training evolution for the 4 kHz network. 
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Table 4 presents the evolution of the backpropagation training for the 8 kHz network. 

 
****************** BackProp - Logfile ***************** 

HOST   : calc05.speech.kth.se  PID    : 22711 

Started: Tue Apr 20 19:51:51 2004 

Command: BackProp -S -g 1e-5 -m 0.7 -F 20 30 -. -p shora.log -i 30 -V testing PHONEME -C 0.8 20 shora.rtdnn 
train 

******************************************************* 

Iteration   Global Error   Pruning        Validation 

      |            |       C%   U%     %Correct   Error 

............................................................ 

      1      3.269e+00     0.2  0.2     37.1  3.148e+00 

............................................................ 

      2      2.818e+00     0.6  0.6     40.7  2.980e+00 

............................................................ 

      3      2.683e+00     1.0  0.9     43.6  2.816e+00 

............................................................ 

      4      2.599e+00     1.3  1.2     45.4  2.765e+00 

............................................................ 

      5      2.536e+00     1.5  1.4     46.5  2.715e+00 

............................................................ 

      6      2.486e+00     1.8  1.6     48.0  2.623e+00 

............................................................ 

      7      2.446e+00     2.0  1.8     48.2  2.647e+00 

............................................................ 

      8      2.409e+00     2.2  2.0     46.4  2.711e+00 

*** Reducing gain to 8.00e-06. Reduction number 1 (max 20) 

............................................................ 

      9      2.322e+00     2.3  2.1     49.7  2.537e+00 

............................................................ 

     10      2.299e+00     2.4  2.2     49.0  2.533e+00 

*** Reducing gain to 6.40e-06. Reduction number 2 (max 20) 

............................................................ 

     11      2.234e+00     2.5  2.3     51.0  2.447e+00 

............................................................ 

     12      2.214e+00     2.6  2.4     50.1  2.477e+00 

*** Reducing gain to 5.12e-06. Reduction number 3 (max 20) 

............................................................ 

     13      2.160e+00     2.6  2.4     51.4  2.424e+00 

............................................................ 

     14      2.146e+00     2.7  2.4     51.3  2.406e+00 

*** Reducing gain to 4.10e-06. Reduction number 4 (max 20) 

............................................................ 

     15      2.102e+00     2.7  2.5     52.0  2.395e+00 

............................................................ 

     16      2.089e+00     2.7  2.5     51.5  2.405e+00 
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*** Reducing gain to 3.28e-06. Reduction number 5 (max 20) 

............................................................ 

     17      2.050e+00     2.7  2.5     52.8  2.356e+00 

............................................................ 

     18      2.042e+00     2.8  2.5     52.5  2.366e+00 

*** Reducing gain to 2.62e-06. Reduction number 6 (max 20) 

............................................................ 

     19      2.010e+00     2.8  2.6     53.0  2.325e+00 

............................................................ 

     20      2.002e+00     2.8  2.6     53.2  2.303e+00 

............................................................ 

     21      1.994e+00     2.8  2.6     52.1  2.359e+00 

*** Reducing gain to 2.10e-06. Reduction number 7 (max 20) 

............................................................ 

     22      1.965e+00     2.8  2.6     53.4  2.330e+00 

............................................................ 

     23      1.960e+00     2.8  2.6     52.3  2.365e+00 

*** Reducing gain to 1.68e-06. Reduction number 8 (max 20) 

............................................................ 

     24      1.936e+00     2.8  2.6     53.4  2.303e+00 

............................................................ 

     25      1.929e+00     2.8  2.6     53.0  2.299e+00 

*** Reducing gain to 1.34e-06. Reduction number 9 (max 20) 

............................................................ 

     26      1.910e+00     2.8  2.6     53.6  2.297e+00 

............................................................ 

     27      1.903e+00     2.9  2.6     53.5  2.310e+00 

*** Reducing gain to 1.07e-06. Reduction number 10 (max 20) 

............................................................ 

     28      1.887e+00     2.9  2.6     53.8  2.298e+00 

............................................................ 

     29      1.882e+00     2.9  2.6     54.1  2.278e+00 

............................................................ 

     30      1.878e+00     2.9  2.7     53.6  2.292e+00 

*** Reducing gain to 8.59e-07. Reduction number 11 (max 20) 

******        BackProp terminated normally       ****** 

******          Fri  Apr   30 18:07:53 2004         ****** 

******************************************************* 

Table 4. Training evolution for the 8 kHz network. 
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To measure the performance of the networks we also developed Matlab functions. 

 

To measure the recognition rate over the 61 symbols set. 

Correct61 
% Calculate the percentage of correct frame recognition 

% Adapted for the recurrent network 

% *.pl the excitation of the network.  

% *.phn label file (TIMIT) 

% The output of the network are 61 phonemes 

 

% Parameters 

clear; 

correct = 0; 

total_frame = 0; 

cor_frame = 0; 

qframes = 0; 

inicio = []; 

final = []; 

phn = []; 

actphn = []; 

pos = 0; 

 

phn_list = ’phn’;  % List of label files 

pl_list = ’pl’;  % List of activation files 

 

all_phn = importdata(phn_list); 

all_pl = importdata(pl_list); 

 

[num_files, col] = size(all_phn);  % number of files 

 

for i=1:1:num_files  % for all the files 

     

    actphn = []; 

    inicio = []; 

    final = []; 

    phn = []; 

     

    % Read text file 

    [inicio, final, phn] = textread( char(all_phn(i)), ’%d%d%s’); 

    [actphn] = textread( char(all_pl(i)), ’%s’); 

 

    num_frames = length(actphn);     % Number of frames 

    label_length = length(phn);     % Length of label file 

         

    total_frame = total_frame + num_frames;    
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    for j=1:1:num_frames             % Compare phn label with activation for all the frames 

        for k=1:1:label_length 

            pos = (j-1)*160 + 80;          % Position along the file 160 = 10 ms 

            if ( (pos>inicio(k)) && (pos<=final(k)) ) 

                target = phn(k); 

            end 

         end 

     

        if (strcmp(actphn(j),target)) 

            cor_frame = cor_frame + 1; 

        end 

    end 

    

end 

 

cor_frame 

total_frame 

per_cor_frames = cor_frame/total_frame * 100 

�

The next file compress the TIMIT symbols into 39 and calculate the new recognition rate. 

 

Correct39 
% Colapse the 61 TIMIT symbols into 39 

% Calculate the percentage of correct frame recognition for the reduced set 

% of phonemes 

% Adapted for the recurrent network 

% *.pl the excitation of the network. List of phonemes 

% *.phn label file (TIMIT) 

 

% Parameters 

clear; 

correct = 0; 

total_frame = 0; 

cor_frame = 0; 

qframes = 0; 

inicio = []; 

final = []; 

phn = []; 

actphn = []; 

pos = 0; 

 

phn_list = ’phn’; 

pl_list = ’pl’; 
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all_phn = importdata(phn_list); 

all_pl = importdata(pl_list); 

 

[num_files, col] = size(all_phn);   % number of files 

 

for i=1:1:num_files  % for all the files 

    actphn = {}; 

    inicio = []; 

    final = []; 

    phn = {}; 

    realphn = {}; 

     

    % Read text file 

    [inicio, final, phn] = textread( char(all_phn(i)), ’%d%d%s’); 

    [actphn] = textread( char(all_pl(i)), ’%s’); 

 

    long1 = length(phn); 

    for j=1:1:long1 

        lab = char(phn(j)); 

        if (strcmp(lab,’pcl’)) 

            phn{j} = ’sil’; 

        end 

        if (strcmp(lab,’tcl’)) 

            phn{j} = ’sil’; 

        end 

        if (strcmp(lab,’kcl’)) 

            phn{j} = ’sil’; 

        end 

        if (strcmp(lab,’bcl’)) 

            phn{j} = ’sil’; 

        end 

        if (strcmp(lab,’dcl’)) 

            phn{j} = ’sil’; 

        end 

        if (strcmp(lab,’gcl’)) 

            phn{j} = ’sil’; 

        end 

        if (strcmp(lab,’q’)) 

            phn{j} = ’sil’; 

        end 

        if (strcmp(lab,’pau’)) 

            phn{j} = ’sil’; 

        end 

        if (strcmp(lab,’epi’)) 

            phn{j} = ’sil’; 

        end 

        if (strcmp(lab,’h#’)) 
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             phn{j} = ’sil’; 

        end 

        if (strcmp(lab,’nx’)) 

            phn{j} = ’n’; 

        end 

        if (strcmp(lab,’em’)) 

            phn{j} = ’m’; 

        end 

        if (strcmp(lab,’en’)) 

            phn{j} = ’n’; 

        end 

        if (strcmp(lab,’eng’)) 

            phn{j} = ’ng’; 

        end 

        if (strcmp(lab,’zh’)) 

            phn{j} = ’sh’; 

        end 

        if (strcmp(lab,’el’)) 

            phn{j} = ’l’; 

        end 

        if (strcmp(lab,’hv’)) 

            phn{j} = ’hh’; 

        end 

        if (strcmp(lab,’ao’)) 

            phn{j} = ’aa’; 

        end 

        if (strcmp(lab,’ax’)) 

            phn{j} = ’ah’; 

        end 

        if (strcmp(lab,’ix’)) 

            phn{j} = ’ih’; 

        end 

        if (strcmp(lab,’ux’)) 

            phn{j} = ’uw’; 

        end 

        if (strcmp(lab,’axr’)) 

            phn{j} = ’er’; 

        end 

        if (strcmp(lab,’ax-h’)) 

            phn{j} = ’ah’; 

        end 

    end 

     

    long2 = length(actphn); 

    for j=1:1:long2 

        lab = char(actphn(j)); 

        if (strcmp(lab,’pcl’)) 
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            actphn{j} = ’sil’; 

        end 

        if (strcmp(lab,’tcl’)) 

            actphn{j} = ’sil’; 

        end 

        if (strcmp(lab,’kcl’)) 

            actphn{j} = ’sil’; 

        end 

        if (strcmp(lab,’bcl’)) 

            actphn{j} = ’sil’; 

        end 

        if (strcmp(lab,’dcl’)) 

            actphn{j} = ’sil’; 

        end 

        if (strcmp(lab,’gcl’)) 

            actphn{j} = ’sil’; 

        end 

        if (strcmp(lab,’q’)) 

            actphn{j} = ’sil’; 

        end 

        if (strcmp(lab,’pau’)) 

            actphn{j} = ’sil’; 

        end 

        if (strcmp(lab,’epi’)) 

            actphn{j} = ’sil’; 

        end 

        if (strcmp(lab,’h#’)) 

               actphn{j} = ’sil’; 

        end 

        if (strcmp(lab,’nx’)) 

            actphn{j} = ’n’; 

        end 

        if (strcmp(lab,’em’)) 

            actphn{j} = ’m’; 

        end 

        if (strcmp(lab,’en’)) 

            actphn{j} = ’n’; 

        end 

        if (strcmp(lab,’eng’)) 

            actphn{j} = ’ng’; 

        end 

        if (strcmp(lab,’zh’)) 

            actphn{j} = ’sh’; 

        end 

        if (strcmp(lab,’el’)) 

            actphn{j} = ’l’; 

        end 
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        if (strcmp(lab,’hv’)) 

            actphn{j} = ’hh’; 

        end 

        if (strcmp(lab,’ao’)) 

            actphn{j} = ’aa’; 

        end 

        if (strcmp(lab,’ax’)) 

            actphn{j} = ’ah’; 

        end 

        if (strcmp(lab,’ix’)) 

            actphn{j} = ’ih’; 

        end 

        if (strcmp(lab,’ux’)) 

            actphn{j} = ’uw’; 

        end 

        if (strcmp(lab,’axr’)) 

            actphn{j} = ’er’; 

        end 

        if (strcmp(lab,’ax-h’)) 

            actphn{j} = ’ah’; 

        end 

    end 

     

    num_frames = length(actphn);    % Number of frames 

    label_length = length(phn);     % Length of label file 

     

    total_frame = total_frame + num_frames; 

     

    for j=1:1:num_frames             % Compare phn label with activation for all the frames 

        for k=1:1:label_length 

            pos = (j-1)*160 + 80;    % Position along the file 160 = 10 ms 

            if ( (pos>inicio(k)) && (pos<=final(k)) ) 

                target = phn(k); 

            end 

         end 

     

        if (strcmp(actphn(j),target)) 

            cor_frame = cor_frame + 1; 

        end 

    end 

    

end 

 

cor_frame 

total_frame 

per_cor_frames = cor_frame/total_frame * 100 


