Speec h Recognition in T elephone En vironments

Pedro J . Moreno

Submitted to the Depar tment of Electr ical and Computer Engineer ing in Partial Ful�llment of the Requirements f or the Deg ree of Master of Science at

Carnegie Mellon Univ ersity Pittsb urgh, P ennsylv ania 15213

December 1992

Abstract 1 Chapter 1 Introduction 2 Chapter 2 The SPHINX Speec h Recognition System 4 2.1 Signal Processing . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4 2.2 Vector Quantization . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4 2.3 Hidden Mar kov Models . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6 Chapter 3 The TIMIT/NTIMIT and AN4 Databases 7 3.1 Descr iption of the TIMIT Task . . . . . . . . . . . . . . . . . . . . . . . . . . 7 3.2 Descr iption of the NTIMIT Task . . . . . . . . . . . . . . . . . . . . . . . . . . 7 3.3 The AN4 Database . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7 3.4 Summar y . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8 Chapter 4 Speec h Recognition in Ad ver se En vironments: Pre vious W ork 9 4.1 Modi�cations in the LPC . . . . . . . . . . . . . . . . . . . . . . . . . . . . 9 4.2 Physiologically-Motivated F ront Ends . . . . . . . . . . . . . . . . . . . . . . . 9 4.3 Noise and Noise-W ord Models . . . . . . . . . . . . . . . . . . . . . . . . . . 10 4.4 Noise Cancellation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 10 4.5 Spectr al Equalization . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 11 4.6 The RAST A Method . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 11 4.7 The CDCN Algor ithm . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 11 4.8 Summar y . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 12 Chapter 5 The Telephone Netw ork 13 5.1 Frequency Response . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 13 5.1.1 The carbon microphone . . . . . . . . . . . . . . . . . . . . . . . . . . 14 5.2 Non Linear ities in the Netw ork . . . . . . . . . . . . . . . . . . . . . . . . . . 14 5.3 Types of Noise . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 15 Chapter 6 Recognition in the TIMIT/NTIMIT T ask 16 6.1 Pre vious Results on TIMIT . . . . . . . . . . . . . . . . . . . . . . . . . . . 16 6.2 Pre vious Results on NTIMIT . . . . . . . . . . . . . . . . . . . . . . . . . . . 16 6.3 Baseline System . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 17 6.3.1 Bandwidth Reduction . . . . . . . . . . . . . . . . . . . . . . . . . . . 18 6.4 Fine Tuning of the LPC P arameters . . . . . . . . . . . . . . . . . . . . . . . . 19 6.4.1 LPC Order . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 19 6.4.2 Analysis Windo w Size . . . . . . . . . . . . . . . . . . . . . . . . . . . 20 6.4.3 Pascal Windo w Size . . . . . . . . . . . . . . . . . . . . . . . . . . . 22 6.4.4 Low-Frequency T ones . . . . . . . . . . . . . . . . . . . . . . . . . . . 23 6.4.5 Channel Response and LPC Modelling . . . . . . . . . . . . . . . . . . . . 25 6.4.6 LPC Selectiv e Method . . . . . . . . . . . . . . . . . . . . . . . . . . . 26 6.4.7 Modi�ed Warping. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 27 6.5 Environmental Compensation Algor ithms . . . . . . . . . . . . . . . . . . . . . . 27 6.5.1 CDCN . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 28 6.5.2 RASTA. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 29 6.6 New Spectr al Representations: Mel F requency Scaled Cepstr um . . . . . . . . . . . . 30 6.7 Nonlinear ities . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 31 6.8 Summar y . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 33

Chapter 7 Conc lusion and Future W ork 35 7.1 Summar y of Findings . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 35 7.2 Future W ork . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 37 References 38

List of Figures

Figure 2-1: Block Diagram of the SPHINX System F ront End 5 Figure 4-1: CDCN estimates a noise correction v ector n, and a channel correction v ector q that best tr ansforms the univ ersal codebook into the set of input fr ames of the obser ved speech. 12 Figure 5-1: Attenuation Distor tion Relativ e to 1004 Hz f or shor t (dashed line), medium (upper dashed line), and long distance (contin uous line) mileage bands . 13 Figure 5-2: Mean customer-to-customer atten uation distor tion relative to 1004 Hz f or shor t (dashed line), medium (upper dashed line), and long distance (contin uous line). 14 Figure 5-3: Sensitivity cur ve for a typical carbon microphone . 15 Figure 6-1: :Recognition Accur acy versus LPC order f or the do wnsampled v ersion of the AN4 database . 20 Figure 6-2: Recognition Accur acy versus LPC order f or the do wnsampled v ersion of the TIMIT database (upper cur ve) an the NTIMIT database (lo wer cur ve). 21 Figure 6-3: Effect of the windo w size (in n umber of samples) on the recognition accur acy in a downsampled v ersion of the AN4 database . 21 Figure 6-4: Pascal windo ws for a t parameter of v alues 200, 500, 1500 and 3000. 22 Figure 6-5: Recognition Accur acy versus t v alue . The e xperiments w ere done on the AN4 database , using speech that w as do wnsampled to 4000-Hz to sim ulate a telephone channel. 23 Figure 6-6: Spectrogam of par t of the utter ance si567-b-fdm y0.adc : Notice the line at about 200- Hz representing a tone . 24 Figure 6-7: Compar ison of NTIMIT speech (light line), v ersus TIMIT speech (bold line). The po wer is not nor malized. 25 Figure 6-8: FFT Spectr um of a noisy speech fr ame , compar ison of nor mal LPC (solid line) v ersus Selectiv e LPC in the 300-3300-Hz band (dashed line). 26 Figure 6-9: Warping Coef�cient v ersus Recognition Accur acy in the AN4 database (d0wnsampled).. 28 Figure 6-10: Amplitude histog rams f or one sentence . The solid cur ve represents clean speech, and the dotted one represents noisy telephone speech. 31 Figure 6-11: A dynamic w arping cur ve minimizing the distance betw een a clean and noisy speech amplitude histog ram. 32

Abstract

This work compares the automatic recognition of telephone-quality speech with that of speech recorded in noiseless and acoustically controlled en vironments .

The repor t includes a descr iption of the SPHINX speech recognition system, a gener al overview of the �eld of rob ust speech recognition, tr ansmission char acter istics of the telephone netw ork, a descr iption of the speech databases used, and the speech recognition e xperiments that ha ve been done .

Speech recognition systems w ork very well dealing with high-quality speech; ho wever, when the speech signal has been corr upted b y the telephone netw ork, recognition accur acies decrease dr amatically. In the databases w e use in this research, a relativ e increase of about 20% in recognition error r ate occurred when telephone speech w as used.

We study some possib le factors that could account f or this loss . Bandwidth reduction and the presence of low-frequency tones can e xplain par t of the loss b ut not all of it. A potentially improper tuning of front-end signal processing par ameters is not the prob lem either . Preliminar y results sho w that the standard model of environmental deg radation that has successfully impro ved the recognition accur acy of SPHINX in of�ce environments does not suf�ciently descr ibe the deg radation that is introduced b y transmission o ver a telephone channel. En vironmental nor malization algor ithms such as CDCN (Code word Dependent Cepstr al Normalization) and RAST A (Relative Spectr al Processing) that assume this simple model do not pro vide complete compensation.

Chapter 1 Introduction

Automatic Speech Recognition (ASR) is a v ery dif�cult prob lem. We are still man y years a way from unconstr ained systems ab le to recogniz e speech under an y circumstances . Ear ly ASR systems obtained reasonab le performance b y bounding the prob lem with constr aints such as:

¥ limited vocab ulary size ¥ restr ictive grammars ¥ use of isolated w ords (r ather than contin uous speech) ¥ development of speak er-dependent systems (r ather than speak er-independent systems) ¥ use of speech recorded using a close-talking microphone (r ather than speech from natur al acoustical environments)

In recent y ears consider able prog ress has been made in addressing all of these restr ictions. Nowada ys continuous speech systems with v ocab ulary sizes of 5,000 to 20,000 w ords using sophisticated language models ha ve been demonstr ated b y research labor atories. However, the perf ormance of all these systems deg rades dr amatically when the y are oper ated in different en vironmental conditions from the ones with which the y were tr ained.

Extensiv e pre vious work has been carr ied out in the �eld of speech enhancement and speech recognition in adv erse en vironments . For example , the w ork of Lim and Oppenheim [1979] represents a milestone in the gener al �eld of speech enhancement. The y developed the estimate-maximiz e approach, which alternatively estimates the par ameters char acter izing the speech samples , and the additiv e unkno wn noise that deg rades it. This w ork was e xtended b y Ephraim et a l [1989], who char acter ized the input f eature v ector b y a statistical model using a mixture of gaussians . The algor ithm was successful in making speech more robust to noise .

Researchers ha ve studied diff erent distance metr ics (Gray [1976]), de veloping special distor tion measures that are more rob ust to the additiv e noise . The use of auditor y models , which mimic king the functional organization of the human ear , has been also in vestigated (Seneff [1988] and Zue [1990]).

Acero [1990] introduced a ser ies of techniques to deal with the dual prob lem of additiv e uncorrelated noise and linear channel distor tion simultaneously . The w ork of Acero clear ly shows ho w the deg raded speech can be corrected without an y a pr iori knowledge of the statistics of the noise , or of the frequency response of the channel.

In Chapter 3 a more detailed re view of previous work in speech recognition in adv erse en vironments is provided. Pre vious research in acoustically-rob ust speech recognition has f ocussed on se veral en vironments including open-plan of�ces , aircraft coc kpits, motor v ehicles , and long distance telephone lines . This project is concer ned with the prob lem of speech recognition o ver telephone lines .

Attributes of the telephone netw ork that impact adv ersely on speech recognition include the f ollowing problems:

¥ stationar y noise ¥ non-stationar y noise ¥ low frequency tones ¥ nonlinear distor tion ¥ band-limitation to a 300 to 3400-Hz channel ¥ a channel response that changes from call to call

The pur pose of this w ork is to obtain a better understanding of the deg radations that adv ersely aff ect speech recognition o ver the long distance telephone netw ork, and to understand ho w these deg radations may be o vercome b y improved signal processing techniques . While these studies are carr ied out in the context of research attempting to impro ve speech recognition accur acy using speci�c speech databases , the major goal is to obtain a better fundamental understanding of the telephone en vironment, the par ticular problems it poses , and to estab lish an appropr iate direction f or future w ork in the �eld. F or this reason w e have restr icted some of the conditions in which the e xperiments ha ve been r un, such as the use of no g rammar, and the use only of conte xt-independent models in the recognition systems . This work is focused on the �front end� of the speech recognition system, or the module that tak es a segment of speech and con verts it into an n-dimensional f eature v ector. No attempt has been made to modify the recognition engine to achie ve en vironmental rob ustness .

The outline of this repor t is as f ollows:

¥ Chapter 2 pro vides a br ief descr iption of the SPHINX recognition system, with special emphasis in the front end ¥ Chapter 3 descr ibes the speech databases used in this research ¥ Chapter 4 pro vides a re view of previous work in the area of speech recognition in adv erse en vironments ¥ Chapter 5 pro vides a qualitativ e descr iption of the telephone channel ¥ Chapter 6 descr ibes a set of e xperiments and their results , examining the eff ects of the telephone channel on the accur acy of speech recognition systems ¥ Chapter 7 summar izes the results of this research

Chapter 2 The SPHINX Speec h Recognition System

The SPHINX system w as de veloped at CMU b y Lee et al [1989]. It was a pioneer in speaker-inde-pendent large-vocabulary continuous speech recognition. We briefly describe the different blocks that compose the system.

A block diagram of the front end of the SPHINX system is sho wn in Figure 2-1.

2.1 Signal Pr ocessing

All speech recognition systems use a par ametr ic representation r ather than the w aveform itself as the basis f or patter n classi�cation. These par ameters carr y information about the spectr um. SPHINX^1 uses the frequency-w arped LPC (Linear Predictiv e Coding) cepstr um as f eatures f or speech recognition. The cepstral coef�cients are computed as f ollows:

¥ Speech is digitiz ed at a sampling r ate of 16 kHz ¥ A Hamming windo w of 20 ms (320 samples) is used e very 10 ms (160 samples) ¥ A preemphasis �lter is applied ¥ 14 autocorrelation coef�cients are computed ¥ A Pascal windo w is applied to the autocorrelation sequence ¥ 14 LPC coef�cients are der ived from the Le vinson-Durbin recursion ¥ 32 LPC cepstr al coef�cients are computed using a standard recursion ¥ The cepstr al coef�cients are frequency w arped b y using a bilinear tr ansform producing 12 w arped LPC cepstr al coef�cients

Although adjacent fr ames of speech are indeed correlated with each other , the SPHINX system assumes that e very frame is statistically independent. In addition to the static inf ormation pro vided b y the cepstrum, SPHINX also uses dynamic inf ormation represented b y �rst-order and second-order diff erences of the cepstr al vector.

2.2 Vector Quantization

Once the incoming speech has been con verted to an n-dimensional v ector, a data reduction technique known as v ector quantization (VQ) is used to map each v ector into a discrete symbol. A v ector quantiz er is de�ned b y a codebook and a distor tion measure . The codebook contains L vectors , and it is a quantiz ed representation of the v ector space . The distor tion measure estimates the deg ree of pro ximity between tw o vectors . An input v ector is mapped into a symbol in the alphabet b y choosing the closest codebook v ector according to the distance metr ic. In the SPHINX system L is �xed to 256, so a code word can be represented with just one b yte. The distor tion measure used is the Euclidean distance .

1. This descr iption refers to the baseline or def ault SPHINX system, which is the platf orm used f or the e xperiments descr ibed in Chapter 6.

Strictly speaking, there is no need to use VQ in speech recognition systems , and there are se veral arguments in f avor and against the use of these techniques in Hidden Mar kov Model-based systems . In the SPHINX system VQ is used f or two main reasons:

¥ It achie ves g reat data compression, reducing a fr ame of speech (320 n umbers) to a 12-dimensional vector, and in tur ns reducing this v ector to one b yte (assuming that a 256 codebook siz e is used).

¥ It reduces the computational load in the recognition engine (HMM), allo wing it to work with discrete symbols as opposed to a contin uous space of v ectors .

cepstrum codebook differenced cepstrum

VQ second diff . cepstrum

VQ

20 ms. Hamming Windo w

Preemphasis

p=14 A utocorrelation coef�cients

Levinson -Durbin Recursion 14 LPC Coef�cients

LPC Cepstrum

Frequenc y Warping

cepstrum

VQ po wer, diff. po wer and 2nd diff po wer VQ

diff. cepstrum codebook

2nd. diff . cep. codebook po wer, diff. po wer and 2nd diff po wer codebook

Hidden Mark ov Models Recognition Engine

Time W aveform

Figure 2-1 : Block Diagram of the SPHINX System F ront End

The L prototype codebook v ectors are calculated via a hier archical cluster ing algor ithm, which pro vides and estimate that appro ximates the maxim um-likelihood estimate .

2.3 Hid den Mark ov Models

The Hidden Mar kov Model (HMM) is the dominant technology in contin uous speech recognition, and it is the basic technique used f or speech recognition in the SPHINX system. A good introduction to this technique is f ound in Rabiner and J uang [1986]. Br ie�y an HMM is a collection of states connected b y transitions. Each tr ansition is descr ibed b y two sets of probabilities:

¥ A transition probability which descr ibes the probability of a tr ansition from one state to the ne xt ¥ An output probability density function, which de�nes the conditional probability of emitting each output symbol from a �nite alphabet giv en that a par ticular transition tak es place .

HMM�s ha ve become a widely-used approach f or speech recognition due to the e xistence of maxim um likelihood techniques to estimate the par ameters of the models and ef�cient algor ithms to �nd the most lik ely state sequence .

Chapter 3 The TIMIT/NTIMIT and AN4 Databases

In this chapter w e pro vide a detailed descr iption of the phonetically-labelled TIMIT and NTIMIT databases which are used to e valuate the eff ect of the telephone channel on the SPHINX recognition system. Our e xperiments f ollow the gener al form of ear lier work of Lee and Hon [1988], who modi�ed the SPHINX system so that it could perf orm phonetic recognition. (The or iginal SPHINX system had been designed to recogniz e words r ather than phonemes .)

3.1 Description of the TIMIT T ask

The TIMIT acoustic/phonetic database (Lar ner [1986], Fisher [1987]) w as or iginally developed to tr ain and e valuate speak er-independent phone recogniz ers . It consists of 630 speak ers , each sa ying 10 sentences , making a total of 6300 sentences . From this set 2830 sentences are used f or training and 160 f or testing.

In our work we used the same subset of the database selected b y Lee and Hon [1988]. The y performed some modi�cations on the or iginal labels . In par ticular the y remo ved all glottal stops from the labels , the y merged 15 allophones with their corresponding phones , and �nally the y identi�ed �v e groups f or which within-group confusions are not counted^1.

3.2 Description of the NTIMIT T ask

The NTIMIT database (descr ibed b y Jankowski et al [1990]) was collected b y transmitting the TIMIT database o ver the long-distance telephone netw ork. The database is or thographically and phonetically equivalent to the TIMIT database .

Speech tr ansmission w as achie ved b y creating a �loopbac k� telephone path to a large n umber of centr al of�ces which w ere distr ibuted geog raphically to sim ulate different telephone netw ork conditions . Half of the database w as tr ansmitted o ver local telephone paths , while half w as tr ansmitted o ver long-distance paths . Transmission in volved the use of an ar ti�cial mouth to sim ulate the acoustic frequency response of the channel betw een the human mouth and a telephone handset.

The entire database w as collected using only a single carbon microphone , and the signal le vels were adjusted to tak e adv antage of the maxim um dynamic r ange a vailable in the channel. These tw o features represent the only major �a ws of the database . It would nor mally be pref erable to include a n umber of different microphones , as the microphone is a v ery important source of v ariability in the netw ork. Similarly, the arti�cial adjustment of signal le vel to obtain maxim um dynamic r ange is also an unrealistic condition.

3.3 The AN4 Database

Since a tr aining and testing cycle in the TIMIT/NTIMIT databases can tak e up to 24 hours , we also use the smaller AN4 database in some e xperiments , which reduces the tr aining and testing cycle to only 10 hours . We frequently conducted pilot e xperiments using the AN4 task and later con�r med our results using

1. For a more detailed descr iption of the phones see Lee and Hon[1988].

the TIMIT/NTIMIT task, in the belief that results from e xperiments perf ormed using the AN4 database task are representativ e of those obtained using the more time-consuming TIMIT/NTIMIT databases .

The AN4 database is composed of 74 speak ers(53 males , and 21 f emale) f or training, and 10 speak ers (7 male and 3 f emale) f or testing. The tr aining speak ers and the testing speak ers are diff erent.The database consists of str ings of letters , numbers , and a f ew control w ords . After discarding some utter ances because of bad recording conditions , the tr aining set used f or our e xperiments consists of 1018 utter ances and the testing set contains 140 utter ances . In all our e xperiments a reduced v ersion of the database containing 500 utterances w as used f or training.

The AN4 database w as recorded in stereo , so tw o speech samples are a vailable for every utterance . The pr imary channel w as recorded using a Sennheiser HMD224 close-talking microphone , and a second channel of speech w as recorded using the omnidirectional desk-top Cro wn PZM6fs microphone . Only the Sennheiser HMD224 w as used f or our e xperiments .

A downsampled v ersion of this database w as used, passing the close-talking utter ances through a lo wpass �lter with a 3600-Hz cutoff frequency .

3.4 Summar y

The TIMIT database is not an ideal one , as it w as created pr imarily for phonetic research. It presents several prob lems , including computational load. Although the use of a telephone database based on a w ordbased task with a g rammar might ha ve been more realistic , the use of the TIMIT/NTIMIT phonetic-based database pro vides a measure of the deg radation introduced b y the telephone channel that is independent of any par ticular task. F or researchers interested in telephone speech, NTIMIT is of especial interest because it can function as a stereo pair of the TIMIT database , enab ling compar isons betw een �clean� speech recorded using the close-talking microphone and speech o ver telephone channels .

Finally we ha ve introduced the AN4 database , which is used as a tool to e valuate candidate h ypotheses before testing them using the more time consuming TIMIT/NTIMIT database .

Chapter 4 Speec h Recognition in Ad ver se En vironments: Pre vious W ork

In this chapter w e summar ize a n umber of the techniques that ha ve been used to mak e speech recognition more rob ust in the presence of additiv e noise and/or an unkno wn linear �lter in the channel. W e consider in this chapter modi�cations to the tr aditional LPC representation, the use of per ipheral signal processing based on the human auditor y system, the use of non-le xical models to char acter ize transient noises and distor tions, and the use of v arious noise subtr action and channel equalization techniques , applied in isolation and jointly .

4.1 Modi�cations in the LPC

Linear predictiv e coding (LPC) techniques assume that the signal spectr um can be represented b y an all-pole transfer function:

When the signal is corr upted b y additive noise , zeros as w ell as poles will appear in the tr ansfer function representing the signal. The goal of these techniques is to estimate the LPC par ameters of the clean signal when a noisy v ersion of the signal is obser ved. Lim [1983] descr ibes se veral possib le methods based on this model.

Lim descr ibes an iter ative method where the a_i coef�cients are estimated using a MAP estimate , thus maximizing , where y represents the noisy speech (assuming uncorrelated white noise). After an initial estimate of the a_i coef�cients , an estimate of the clean speech is obtained. With this ne w estimate of clean speech a ne w estimate of the a_i is obtained, which in tur ns helps to obtain a ne w estimate of the clean speech. The procedure is guar anteed to increase the probability of the a_i parameters and clean speech, given the noisy speech.

These techniques help to some e xtent, b ut the y do not deal with the prob lem of the frequency response of telephone channel, a g reat source of v ariability in the telephone netw ork (see Chapter 5 f or more details). For these reasons w e didn�t consider these techniques in our research.

4.2 Ph ysiologicall y-Motiv ated Fr ont Ends

Since the human auditor y system is v ery robust to changes in the acoustical en vironment, some researchers ha ve tried to de velop signal processing schemes that resemb le the functional organization of the peripheral auditor y system. Seneff [1988] and Zue [1990] used models based in the human auditor y system as the front-end processing f or their recognition systems .

Although some of these techniques seem to impro ve the rob ustness of speech recognition systems , the computational cost is v ery high when compared with the impro vements the techniques br ing. In gener al with less comple x techniques better results can be obtained with less comple x techniques .

We do belie ve, however, that some of the ideas introduced b y these methods could be incor porated in the front ends used in speech recognition systems , such as the compression of the frequency scale .

4.3 Noise and Noise-W ord Models

Ward [1989] and Wilpon [1990] introduced a no vel approach f or combatting the eff ects of tr ansient noise . Speci�cally , the y proposed the idea of de veloping HMM�s to char acter ize transient nonspeech sounds such as �lled pauses (�um�, �ah�, etc.), telephone r ings, rustling of paper , and other nor mal en vironmental sounds . These non-speech acoustical e vents w ere then recogniz ed in the usual f ashion, and ignored in subsequent processing. T o implement this technique a database of speech with labelled noise segments is needed. At the same time the technique cannot w ork if the noise conditions are v ery different in the testing and tr aining, it does not adapt to diff erent en vironmental conditions .

Gales and Y oung [1992] present a w ay of detecting speech and noise sim ultaneously . Unlike the pre vious method where noise and speech are not assumed to occur sim ultaneously , this method recogniz es the fact that noise and speech occur at the same time , and tr ies to match the input speech with a patter n that mixes speech and noise models . HMM patter ns are used f or the noise and the clean speech w ords . The method in volves the use of a three-dimensional Viterbi search, in which the noise is decoded at the same time than the speech.

While this technique is v ery powerful, the computational cost is e xtremely high, since the Viterbi search algorithm has to be solv ed in three dimensions . This technique does not pro vide for an y compensation of the linear �lter ing by the channel.

4.4 Noise Cancellation

Noise cancellation or spectr al subtr action ref ers to a f amily of techniques designed to suppress or reduce the noise in a signal when this noise is stationar y. If is a speech signal, and is additive noise that is uncorrelated with the speech, then:

where represents the noisy speech.

De�ning , and as the po wer spectr al densities (PSD) of the signals , and , we can assume that the additiv e relation abo ve holds also in the frequency domain. If w e can obtain

, an estimate of the PSD of the corr upted signal in regions where it is deter mined that no speech is present, then an estimate of the PSD of the clean signal is:

Acero [1990] pro vides a good gener al descr iption of spectr al subtr action techniques . Using the AN4 database , he repor ts good perf ormance in crossed conditions , i.e. when the system is tr ained on clean speech and tested using noisy speech.

4.5 Spectral Equalization

Spectr al equalization is a �lter ing oper ation used to compensate f or spectr al tilt and other types of linear �ltering. Stoc kham [1975] introduced the blind decon volution technique in the cepstr al domain f or reducing the effects of resonances and re verber ation introduced b y the recording equipment in m usical recordings of Caruso. Acero [1990] descr ibes se veral implementations of the technique in his re view of previous work. His results suggest that channel equalization is impor tant, b ut by itself it is unab le to reco ver completely the degradations introduced b y a combination of additiv e noise and linear �lter ing.

4.6 The RAST A Method

The RASTA (Relative Spectr al Processing) method (Her mansky et al [1991]), is a technique in which constant f actors in each spectr al component of the spectr um are suppressed b y passing the r unning spectral estimate through a band-pass of high-pass �lter with a shar p spectr al zero at z ero frequency . The technique can be applied in the spectr al domain to suppress stationar y noise , or in the log-spectr al domain to suppressing the eff ects of linear �lter ing, and the use of a �lter ing approach to nor malization is appealing because of its computational simplicity .

While the RAST A technique produces good results , it has tw o prob lems . First, par t of the speech spectrum is also remo ved in the �lter ing oper ation, par ticularly if the c[0] component of the cepstr al vector (the frame energy) is included in the �lter ing oper ation. In addition, the RAST A method is not ab le to deal with the combined eff ects of noise and �lter ing by the channel.

In chapter 6 w e repor t some results of applying this technique to the TIMIT/NTIMIT database .

4.7 The CDCN Algorithm

Acero [1990] introduced CDCN ( Code word Dependent Cepstr al Normalization ) as a technique f or dealing jointly with additive noise and channel equalization. Although the technique is computationally costly , it provides a w ay of dealing with tw o main prob lems in the TIMIT/NTIMIT task, the v ariation of the telephone channel from sentence to sentence , and the additiv e noise present in the telephone netw ork.

Given the obser ved noisy speech, CDCN attempts to estimate f or each fr ame a spectr al equalization vector q and a noise correction v ector n. These v ectors are chosen to best match the ensemb le of cepstr al vectors of the incoming speech to the ensemb le of cepstr al vectors in the tr aining cor pus after being subjected through a tr ansformation that compensates f or the eff ects of noise and �lter ing.

The cepstr al vector of the clean speech is estimated with a MMSE estimator :

where z is the obser ved noisy speech v ector and w is a correction v ector that itself uses the inf ormation represented b y the nor malization to the tr aining cor pus , incorporating the estimates of the noise n and spectral equalization q vectors .The estimation of the n and q correction v ectors is also perf ormed according to a maxim um likelihood approach, giv en the kno wledge of the univ ersal acoustic space of the tr aining cor pus and the obser ved speech.

Since this technique is one of the most promising of pre vious results , we will attempt to deter mine the extent to which CDCN is ab le to reco ver from the deg radations introduced b y the telephone channel.

4.8 Summar y

In this chapter w e ha ve given an o verview of most of the techniques already a vailable for the use of automatic speech Recognition in adv erse en vironments . Most of these techniques (with the e xception of CDCN) address only one of the tw o major eff ects introduced b y the telephone netw ork, additive noise and linear �lter ing.

Figure 4-1 : CDCN estimates a noise correction v ector n, and a channel correction v ector q that best tr ansforms the univ ersal codebook into the set of input fr ames of the obser ved speech.

Chapter 5 The Telephone Netw ork

In this chapter w e descr ibe the telephone netw ork in terms of its frequency response , signal-to-noise ratio, noise , and nonlinear ities. Most of this inf ormation is based on w ork carr ied out in Bell Labor atories, and ref ers to the netw ork as of 1982. The netw ork has changed in recent y ears , going to a more digital network. Most of the data repor ted in this chapter ref ers to end-of�ce to end-of�ce comm unications . In other words , it does not include either the tw o customer loops or the telephone microphone . The loop contr ibution to the par ameters discussed here can f or the most par t be considered negligib le except for the frequency response of the channel. The inf ormation in this chapter is based on research perf ormed b y Care y et al [1978].

5.1 Frequenc y Response

Channel response or frequency response is a measure of loss o ver the frequency band in a comm unication channel. Figure 5-1 descr ibes the channel response o ver shor t, medium and long distance lines , where shor t distance lines are those with a r ange of 0 to 180 miles, medium distance are those with a r ange of 180 to 720 miles, and long distance lines are those with a r ange of more than 720 miles. This mileage refers to direct distance , (point to point), and the actual distance co vered b y the signal can v ary.

In Figure 5-1 the channel response^1 for end-of�ce to end-of�ce connections is sho wn. Sur prisingly,

shor t distance lines ha ve a w orse response than long or medium distance lines . This is due , according to

1. In telephon y the channel response is alw ays given relativ e to 1004 Hz. This frequency is v ery near the maxim um sensitivity point in the human hear ing frequency response (1000 Hz). The actual frequency of 1000 Hz is a voided as a ref erence because if the speech signal is sampled at 8000 Hz, har monics of a 1000-Hz test signal could beat with the 8000-Hz sampling rate , producing an adv erse eff ect.

Figure 5-1 : Attenuation Distor tion Relativ e to 1004 Hz f or shor t (dashed line), medium (upper dashed line), and long distance (contin uous line) mileage bands .

Care y et al [1984], to the use of analog transmission media for short distance, while long and medium distance connections are carried out on T1 digital carriers.

When the eff ect of the customer loop is added, the response is similar b ut with a higher atten uation at higher frequencies , as can be seen in Figure 5-2.

5.1.1 The carbon micr ophone

It is impor tant to note that in the pre vious �gures the microphone eff ect is not included. Moder n microphones such as capacitance microphones e xhibit a frequency response that tends to be stab le across different microphones and quite �at. Ho wever carbon microphones , which are still present in the telephone network, exhibit a response that is not �at at all, presenting also some nonlinear eff ects , such as diff erent sensitivities to diff erent signal le vels and also a diff erent response depending on the polar ization current. Finally we note that the carbon microphone tends to atten uate lo w-level signals that are sim ultaneously presented with high-le vel signals .

In Figure 5-3 a typical tr ansfer function cur ve is presented f or a carbon microphone .

5.2 Nonlinearities in the Netw ork

The telephone channel is not a perf ect linear channel, with sources of nonlinear ity including PCM quantization and analog ampli�ers w orking in nonlinear regions . These eff ects are gener ally descr ibed as distortions. Two types of distor tion measurements are used in the telephone liter ature to char acter ize the nonlinear eff ects of the channel, harmonic distor tion, and intermodulation distor tion. The �rst ref ers to the creation of unw anted frequency components at har monics of the input signal. The second one occurs when there are tw o or more frequency components in the channel, creating distor tion products at frequencies equal to sums and diff erences of the har monics of the input signals .

Figure 5-2 : Mean customer-to-customer atten uation distor tion relative to 1004 Hz f or shor t (dashed line), medium (upper dashed line), and long distance (contin uous line).

In telephon y, har monic distor tion is e xpressed as the r atio in dB betw een the fundamental and the distortion products of interest (in gener al second and third har monics only). Inter modulation distor tion is generally preferred as a metr ic to assess nonlinear ities in the net since it better descr ibes the subjectiv e distor tion a speech signal will suff er.

5.3 Types of Noise

In gener al the noise in the netw ork can be classi�ed as stationar y and non-stationar y. Stationar y noise appears o ver the telephone netw ork in the form of low-frequency tonelik e signals , or white noise . The white noise is gener ally produced b y ther mal and other ph ysical phenomena. The single frequency noise can be produced b y har monics of the 60-Hz po wer lines , and sometimes b y signalling tones that get tr ansmitted b y error through the telephone channel. Non-stationar y noise o ver the netw ork is caused b y clicks and other transient phenomena caused b y intermittent connections ( e.g. a loose resistor or corroded cab le).

Figure 5-3 : Sensitivity cur ve for a typical carbon microphone .

Chapter 6 Recognition in the TIMIT/NTIMIT T ask

In this chapter w e repor t the results of our e xperiments using the TIMIT/NTIMIT database and the AN4 database . In Sections 6.1 and 6.2 w e descr ibe pre vious results obtained with the TIMIT and NTIMIT databases . In Section 6.3 w e descr ibe our baseline system and the �rst results in the NTIMIT task. W e e xplore in this section possib le explanations f or the reduction in perf ormance obser ved in the NTIMIT baseline system. In Sections 6.4 w e discuss the impro vements a vailable for telephone speech b y manipulating v arious aspects of the initial LPC signal processing. In Section 6.5 w e descr ibe the results obtained with the en vironmental compensation algor ithms CDCN and RAST A. In Section 6.6 w e discuss the use of an alter native to LPC cepstr al coef�cients . Finally, in Section 6.7 an unsuccessful scheme to deal with the prob lem of the nonlinear distor tions present in the telephone channel is descr ibed.

6.1 Pre vious Results on TIMIT

In this section w e refer mainly to the results of Lee and Hon [1988], who applied the SPHINX system to the recognition of individual phonemes . Lee and Hon used conte xt-independent and conte xt-dependent^1 HMM�s, with and without g rammars . A summar y of their results is sho wn in Table 1.

These results w ere obtained with an LPC analysis of order 14, three codebooks , speech sampled at 16 kHz, a windo w size of 320 samples , a windo w step of 160 samples , and a bilinear w arping coef�cient of 0.6.

6.2 Pre vious Results on NTIMIT

To our kno wledge no other researchers ha ve used the NTIMIT database f or phonetic recognition. Some experiments ha ve been done ho wever in phonetic classi�cation^2 using the NTIMIT database . In the most recent such study , Chigier and Leong [1991] compare the perf ormance of a Gaussian classi�er with the tw o databases , TIMIT and NTIMIT. Their results are summar ized in Table 2. The y found that the �rst-choice error rate sho ws a deg radation of about 8% in perf ormance when going from the TIMIT to NTIMIT database . The y didn�t try any compensation or enhancement technique .

1. For a better understanding of these concepts , Lee�s book [1989] pro vides a good introduction. 2. Phonetic classi�cation as opposed to phonetic recognition assumes kno wledge of the beginning and end of e very phone in the sentence . This task is m uch simpler and a Gaussian Classi�er or a neur al net can produce good results .

Language Model Context-Independent Recognition Rate

Context-Dependent Recognition Rate

Bigram 64.07% 73.80% Unigram 60.91% 70.38% None 58.77% 69.51% Table 1: Recognition Results of Hon and Lee

6.3 Baseline System

In our �rst e xperiments w e tried to replicate the results repor ted b y Lee and Hon [1988]. Their speech recognition e xperiments with the TIMIT task w ere slightly different from ours , as the y used a front end based on 3 codebooks , and their tr aining set contained 2830 sentences . In our e xperiments 4 codebooks ha ve been used, and the n umber of tr aining sentences w as reduced to 2000. In pilot e xperiments this reduction in the siz e of the tr aining set produced a negligib le difference in perf ormance , but it reduced the computational load b y one third. On the other hand the addition of one e xtra codebook produced better recognition accur acy, since this e xtra codebook increases the discr iminatory capabilities of our recognition system.

It is also impor tant to note that Lee and Hon used a diff erent recognition accur acy metr ic which did not consider inser tions of phonemes as errors . The y chose a language w eight that balanced substitution errors with the inser tion rate , always maintaining the inser tion rate belo w 12%. Since the time of the e xperiments of Hon and Lee the D ARPA community has standardiz ed on a diff erent metr ic that penaliz es inser tion errors as w ell as substitution and deletion errors (see f ormula belo w). The standard D ARPA metric is used in our research:

where Total refers to the total n umber of phonemes in the utter ance and Substitutions, Deletions, and Insertions refers to the n umber of substitutions , deletions , and inser tions, respectiv ely.

In contrast, Hon and Lee used the metr ic

In Table 3 we compare on the TIMIT database our 4-codebook baseline system with the Lee and Hon baseline system, which used only 3 codebooks . We also repor t the initial results obtained using the NTIMIT database . Our baseline system uses 16 kHz sampled speech as input, a P ascal windo w with a t parameter of 1500, a 14th-order LPC analysis , and an a warping coef�cient of 0.6. The language w eight used in these

Database First Choice Err or Rate

Top 2 Choices Err or Rate

Top 3 Choices Err or Rate

TIMIT 25.2% 11.6% 6.4% NTIMIT 33.5% 17.5% 11.4% Table 2: Recognition Results of Chigier and Leong

baseline e xperiments w as the one that produced a 12% inser tion rate in order to obtain a f air compar ison with the results of Lee and Hon.

Our e xperiments w ere also r un without an y grammar , and only with conte xt-independent units . These two conditions will be common to all e xperiments descr ibed in this repor t. In the rest of this chapter w e adopt the more usual recognition accur acy metr ic, including the eff ect of substitutions , deletions and inser tions. The inser tion rate^3 used in e very experiment is alw ays the one that yields the best recognition accur acy.

From these baseline e xperiments , we can obser ve a deg radation of about 10% with the use of telephone speech when compared to clean speech. In the ne xt sections w e attempt to �nd possib le reasons f or this strong deg radation.

6.3.1 Band width Reduction

The NTIMIT database is sampled at 16 kHz, producing, after antialiasing �lter ing, an eff ective bandwidth of 6.4 kHz (J ankowski [1990]). Since clean speech is sent through the telephone netw ork, another reduction in bandwidth results . Theref ore the 3.4 kHz-6.4 kHz band contains no speech inf ormation. To eliminate these components from fur ther analysis a lo wpass �lter ing followed b y downsampling w as perf ormed on the NTIMIT database , reducing the bandwidth to 4 kHz.

As it can be seen in T able 4, low pass �lter ing and do wnsampling clean speech results in a r ather small reduction in recognition accur acy. For NTIMIT, however, this do wnsampling slightly impro ves recognition rea. Not provided by Lee and Hon, this figure is estimated by assuming a 12% insertion rate

3. Inser tion rate is a par ameter used to mak e the tr ansitions betw een phones more or less lik ely, in gener al a small inser tion rate produces more inser tions, since the tr ansitions from phone to phone are less penaliz ed, in contr ast a high inser tion rate reduces the inser tions.

TRAIN TEST SYSTEM DETECTION RECOG. A CCURACY

TIMIT TIMIT Lee 58.77% 46.77%a TIMIT TIMIT Moreno 60.50% 48.7% NTIMIT NTIMIT Moreno 49.1% 38.3% Table 3: Pr evious versus New Results

sults. A possib le explanation is that in the case of NTIMIT , all information o ver 4000-Hz can be considered

noise , since the telephone netw ork effectively �lters out this band.

These results indicate that the deg radation in recognition accur acy obser ved when changing from the TIMIT to NTIMIT data is not a consequence merely of bandwidth reduction. After reducing the bandwidth to 3600 Hz and losing all high-frequency components , only a 1.7% reduction in recognition accur acy is noted. Furthermore , when sim ulating the bandwidth reduction of a telephone channel (a passband channel in the 250-3400-Hz region) only 3% of accur acy is lost. When these results are compared to actual results using the NTIMIT telephone speech database , it is ob vious that there m ust be other sources of deg radation in the telephone netw ork beyond mere bandwidth reduction.

6.4 Fine T uning of the LPC P arameter s

In this section w e e xplore the possibility that the front end con�gur ation, which w as optimiz ed for 16-kHz clean speech ma y not be optimal f or 8-kHz telephone speech. Se veral aspects of the front end are studied, including the LPC order , the analysis windo w size, the P ascal windo w size, the eff ect of lo w-frequency tones on LPC modelling, and �nally the frequency-w arping coef�cient.

6.4.1 LPC Or der

One possib le explanation f or the reduction in recognition accur acy in the NTIMIT database could be that the LPC model f or speech is inappropr iate, since it is w ell known that the best LPC order f or speech representation increases with an increase in bandwidth. The speech spectr um can gener ally be represented as having an a verage density of tw o poles per kHz due to the contr ibution of the v ocal tract, plus tw o more poles to represent the source e xcitation and r adiation load (Rabiner [1978]). In the case of 8-kHz speech this corresponds to appro ximately eight or nine poles . This has been con�r med in e xperiments using the AN4 database .

In Figure 6-1 w e present a compar ison of LPC order v ersus recognition accur acy for the AN4 database . As we e xpected the best results are obtained with an 8^{th}-order LPC model. Ho wever, tests of statistical signi�cance^4 using the McNemar test and a matched pair test (Gillic k [1989]) indicate no signi�cant diff erence

4. Statistical signi�cance addresses the possibility that diff erences in recognition accur acy betw een tw o algor ithms tested on the same data ma y be due to chance . In gener al two tests are used f or this pur pose . The McNemar test is used f or shor t sentences , and the matched pairs test is used in tasks with long sentences (Gillic k [1989]).

TRAIN TEST FREQ . RANGE LPC ORDER RECOG A CCURACY

TIMIT TIMIT 8000 Hz 14 52.7% TIMIT TIMIT 4000 Hz 14 51.0% TIMIT TIMIT 250-3400 Hz 14 49.7% NTIMIT NTIMIT 8000 Hz 14 41.3% NTIMIT NTIMIT 4000 Hz 14 42.5% Table 4: Effect of Do wnsampling on Recognition Accuracy

between results f or the v arious LPC orders , at the 95% con�dence inter val. Our e xperience r unning this test of statistical signi�cance on the TIMIT/NTIMIT database suggests that a diff erence in perf ormance of about 2% is e vidence of impro vement. F or the AN4 database the percentage diff erence needed f or statistical signi�cance is around 3.5%, as there are f ewer test utter ances .

A similar experiment was perf ormed on a do wnsampled v ersion of the TIMIT database (see Figure 6- 2). These results suggest that at least w e can obtain as good results with an 8^{th}-order LPC model as with a 14^{th} order LPC model. The recognition accur acy remains more or less constant f or an LPC order of 8 to 14. When a test of statistical signi�cance is applied to these results w e again obtain the same conclusion;

at the 95% con�dence inter val there is no signi�cant diff erence in recognition accur acy of all recognition systems with an LPC order of 8 or higher (matched pair b y pair).

Similarly the results of the same e xperiment on the NTIMIT database are sho wn in the same �gure. In this case w e do not obser ve an y signi�cant v ariation in accur acy for a wide r ange of LPC orders .

We conclude that the proper order of LPC model f or all of these databases is 8 or higher , and that differences in recognition accur acy for higher orders in Figures 6.1 and 6.2 can be attr ibuted to chance .

6.4.2 Anal ysis Windo w Siz e

Another of the par ameters in the LPC analysis is the siz e N of the windo w. In gener al N must be on the order of se veral pitch per iods to ensure reliab le results (Makhoul [1975]). Since the sampling r ate of the speech �les is reduced b y half, the siz e of the windo w must be reduced b y one half to 160 samples in order to maintain the same 20-ms dur ation for the analysis windo w.

Figure 6-1 :Recognition Accur acy versus LPC order f or the do wnsampled v ersion of the AN4 database .

In Figure 6-3 w e obser ve the eff ect of windo w size on the recognition accur acy of a do wnsampled v er-

sion of the AN4 database .

From these e xperiments it seems that a windo w of 160 samples is best, maintaining the 20-ms windo w size, no matter what sampling r ate w e use . In the rest of the e xperiments repor ted in this chapter whene ver the TIMIT or NTIMIT database ha ve been do wnsampled, the analysis windo w contains 160 samples , with a time shift of 80 samples .

Figure 6-2 : Recognition Accur acy versus LPC order f or the do wnsampled v ersion of the TIMIT database (upper cur ve) and the NTIMIT database (lo wer cur ve).

Figure 6-3 : Effect of the windo w size (in n umber of samples) on the recognition accur acy in a do wnsampled v ersion of the AN4 database .

Tests of statistical signi�cance suggest that the diff erence in perf ormance due to the diff erent windo w size is not due to chance f or the AN4 database . Nevertheless , the results of similar tests using the NTIMIT database re veal no statistically-signi�cant eff ect of windo w size.

6.4.3 P ascal Windo w Siz e

The autocorrelation function is m ultiplied by a P ascal windo w in the SPHINX front end. This windo w has the form

where t is set to 1500.

The pur pose of this windo w is to suppress har monics in the autocorrelation function that appear at m ultiple frequencies of the pitch per iod. For speech sampled at 16-kHz, these har monics can appear at 32- sample lag inter vals. Since the speech is do wnsampled to an 8-kHz sampling r ate , these har monics w ould appear at 16-sample lag inter vals. In order to reduce this eff ect, a smaller v alue of the t parameter w ould be needed.

In Figure 6-4 diff erent P ascal windo ws are represented f or different t parameters . The narro west window corresponds to a t value of 200, and the widest one corresponds to a t value of 3000.

A set of e xperiments w as done on the AN4 database , using do wnsampled clean speech, to e xplore the possib le effects of the P ascal windo w. In Figure 6-5 w e sho w the results of e xperimenting with se veral Pascal windo w sizes . We obtained the best recognition result with a t value of 500.

Figure 6-4 : Pascal windo ws for a t parameter of v alues 200, 500, 1500 and 3000.

From our pre vious e xperiments with the AN4 database , we can assume that the diff erence in perf ormance f or different v alues of t is insigni�cant. In similar e xperiments on the NTIMIT database no clear dependency on t was obser ved.

The results are summar ized in Table 5. The e xperiment used an 8^{th}-order LPC analysis with do wnsam-

pled speech.

The motiv ation for using the P ascal windo w comes from the �eld of speech coding, where har monics of the pitch per iod if not proper ly �ltered out can be damaging in the speech quality . However its value in the �led of speech recognition remains unclear , as our e xperiments suggest that no clear impro vement is obtained b y using it.

6.4.4 Lo w-Frequenc y Tones

In our search f or possib le explanations f or the 10% reduction in recognition accur acy using the NTIMIT database compared to the TIMIT database , a detailed audition of the testing subset of NTIMIT w as performed, labelling the 160 sentences with 3 f eatures: noisy , containing a lo w-frequency tone , and containing some kind of distor tion. In this informal study w e obser ved man y utterances with some lo w-energy tones in the low-frequency band belo w 300-Hz , such as sentence si567-b-fcm y0.adc in the NTIMIT database . In Fig-

TRAIN & TEST t RECOGNITION A CCURACY

NTIMIT 1500 42.7% NTIMIT 500 42.8% Table 5: Comparison of differ ent Pascal t parameters in the NTIMIT database

Figure 6-5 : Recognition Accur acy versus t value . The e xperiments w ere done on the AN4 database , using speech that w as do wnsampled to 4000-Hz to sim ulate a telephone channel.

ure 6-6 w e sho w a spectrog ram of this par ticular sentence . The hor izontal line at about 200 Hz indicates the presence of a tone at a signal le vel of about 20 dB belo w the nor mal signal. W e belie ve that this kind of lo w-

frequency tone can be due to A C-power interference in the local e xchange .During the recognition process , these tones are detected as a nor mal word rather than as silence in inter vals where there is no speech.

One possib le way to deal with this prob lem is to b uild tuned Hidden Mar kov Models for the tones , in a similar way as w as done b y Ward [1989] and Wilpon [1990] b uilding special models f or the detection of �noise words� (i.e. non le xical utter ances such as �um� or �ah�, or coughs , etc.). This technique of noise-w ord modeling, ho wever, has been used only in small siz e vocab ulary tasks , and with the help of language models (g rammars). W e belie ve that in the TIMIT/NTIMIT task where no g rammar is used the technique w ould not be so eff ective.Another prob lem the noise-w ord method poses is that some kind of relabelling of the whole database (more than 2000 sentences) with presence-of-tone indicators w ould be necessar y.

Since the tones appear consistently alw ays at frequencies belo w 250 Hz, and the speech signal is not transmitted through the telephone net belo w 300 Hz, a simpler w ay to a void this prob lem is to use a highpass �lter with cutoff frequency at 250 Hz.

In Table 6, we repor t recognition results obtained b y passing the speech through a high-pass �lter . We can obser ve that in spite of the tone reduction, the recognition accur acy decreases r ather than increases.

These e xperiments w ere r un with an LPC analysis of order 8, using do wnsampled speech.

HIGH P ASS FILTER RECOG. A CCURACY

NO 42.7% YES 41.9% Table 6: Using lo wpass �ltering in the NTIMIT database

Figure 6-6 : Spectrogam of par t of the utter ance si567-b-fdm y0.adc : Notice the line at about 200-Hz representing a tone .

In the ne xt section a possib le explanation f or this reduction in recognition accur acy is giv en.

6.4.5 Channel Response and LPC Modelling

As we ha ve sho wn in pre vious chapters , the speech in the NTIMIT database is �ltered b y the channel response of the telephone netw ork that corresponds to a bandpass �lter in the 300 to 3400-Hz band. W e have also sho wn that best recognition results are obtained using an eighth-order AR process in the SPHINX front end ( i.e. an all-pole model is used to char acter ize the speech spectr a). While LPC is gener ally a very effective technique f or speech modelling, w e are attempting to model the �ltered spectr um, so the channel is going to be modelled as w ell as the speech. In the f ollowing �gures w e sho w this effect.

The channel response of a typical telephone channel w as already descr ibed in a pre vious section. In gener al it is well char acter ized as a strong atten uation at frequencies belo w 300 Hz, and also at frequencies abo ve 3400 Hz. In Figure 6-7 the eff ect of the telephone channel can be obser ved. The FFT of a 20-ms

window of telephone speech is sho wn. The eff ect of the channel can be obser ved in the atten uation of the spectr um at high and lo w frequencies . Natur ally the LPC model is going to f ollow this atten uation in high and lo w frequencies . In doing so the LPC model is not char acter izing so w ell the spectr um in the 300-3400- Hz band, where the speech energy is located.

6.4.6 Selective LPC Method

We belie ve that the introduction of a high-pass �lter , proposed in the pre vious section to reduce the effect of the lo w-frequency tones , has a negativ e effect on the LPC modelling. Speci�cally , it increases the problem of the channel eff ect, so that the LPC model allocates more modelling eff ort to the combined highpass �lter and telephone-channel �lter than to the speech spectr um.

Figure 6-7 : Compar ison of NTIMIT speech (light line), v ersus TIMIT speech (bold line). The po wer is not nor malized

Since the eff ects of the telephone channel are more apparent in the region of 0 to 300 Hz, and in the region of 3.4 to 4.0 kHz where the spectr um is highly atten uated, it w ould be interesting to model the spectrum only in the 300-Hz to 3400-Hz band. In this w ay we obtain tw o bene�ts:

¥ No LPC modelling eff ort is put into modelling the channel ¥ The tones belo w 300 Hz are �ltered out

A simple technique f or achie ving this pur pose is the selectiv e LPC method, descr ibed in Makhoul [1970]. This technique allo ws LPC modelling to be applied only to cer tain selected frequency bands .

In Figure 6-8 the spectr um of a segment of noisy speech is sho wn using tw o LPC models . The solid curve, corresponds to an eighth-order LPC model in the 0 to 4000-Hz band, and the dashed cur ve represents an eighth-order LPC model in the 300-3300-Hz band. It can be obser ved that the solid cur ve follows

the atten uation of the spectr um at high and lo w frequencies .

We e xamined the use of selectiv e LPC in telephone speech to deal with the prob lem of low frequency tones and proper modelling of the speech spectr um. In the ne xt table the results of r unning the SPHINX system with this modi�ed front end are sho wn.

Figure 6-8 : FFT Spectr um of a noisy speech fr ame , compar ison of nor mal LPC (solid line) v ersus Selectiv e LPC in the 300-3300-Hz band (dashed line).

As we can see , the use of the selectiv e LPC technique pro vides no net impro vement, e xcept for cases in which training and testing conditions are diff erent.

6.4.7 Modi�ed W arping

The use of a w arped frequency scale as opposed to a linear one has pro ven adv antageous in speech recognition systems . Most researchers ag ree that frequencies abo ve 4000 Hz contr ibute m uch less to speech intelligibility and recognition accur acy than frequencies belo w 4000 Hz. Fur ther e vidence f or the use of a nonlinear frequency axis can be e xtracted from the beha vior of the human auditor y system. Zwic ker [1961] introduced the Bar k scale^5 as an appro ximation to the discr imination po wer of different frequencies in the human auditor y system.The net eff ect of this w arping is to compress the high frequency spectr um, reducing the contr ibution of this par t of the spectr um to the recognition engine .

In the standard SPHINX front end designed f or speech sampled at 16 kHz, a bilinear tr ansform is applied to the cepstr al coef�cients to pro vide frequency w arping along the frequency axis , appro ximating the nonlinear frequency resolution of the Bar k scale . A warping coef�cient of 0.6 seemed to pro vide the best appro ximation to the Bar k scale .

It was belie ved that the w arping coef�cient should be reduced f or speech sampled at 8 kHz so that important frequencies belo w 4 kHz would not be o ver-compressed. In order to v erify this idea a set of e xperiments w as perf ormed, using a do wnsampled v ersion of the AN4 database with diff erent v alues of the warping coef�cient. The results of these e xperiments are sho wn in Figure 6-9. F or downsampled speech, best results are obtained using a w arping coef�cient of about 0.4. Additional e xperiments con�r m that this value of 0.3 or 0.4 f or the frequency-w arping par ameter is best f or the NTIMIT database as w ell when the selectiv e LPC approach is used. These e xperiments w ere r un with an 8^{th} order LPC analysis .

6.5 Environmental Compensation Algorithms

The two main sources of v ariation in the telephone channel are additiv e noise and a changing channel frequency response from telephone line to telephone line . We investigated the e xtent to which tw o standard compensation algor ithms, CDCN and RAST A, are ab le to cope with these types of en vironmental deg radation in telephone channels . CDCN compensates sim ultaneously f or the eff ects of linear �lter ing and additiv e noise , while the m uch simpler RAST A method compensates pr imarily for differences in the frequency response of the channel.

5. The Bar k scale is appro ximately linear f or frequencies belo w 1000-Hz and logar ithmic abo ve that le vel

TRAIN TEST WARPING LPC FREQ . RANGE RECOG. A CCURACY

NTIMIT NTIMIT 0.6 8 0-4000 Hz 42.7% NTIMIT NTIMIT 0.3 8 300-3000 Hz 42.7% TIMIT NTIMIT 0.6 8 0-4000 Hz 27.4% TIMIT NTIMIT 0.3 8 300-3300 Hz 31.3% Table 7: selecti ve LPC analysis (300-3400 Hz) vs. normal LPC analysis (0-4000 Hz)

6.5.1 CDCN

As noted abo ve, the CDCN procedure is attr active because it can sim ultaneously compensate f or the effects of additiv e noise and linear �lter ing. We perf ormed a ser ies of e xperiments to deter mine the e xtent to which CDCN could pro vide bene�t f or recognition of speech o ver a telephone channel. T wo conditions were e xamined: tr aining and testing with the NTIMIT database while applying CDCN, and tr aining on TIMIT and testing on NTIMIT , also applying CDCN.

In a second ser ies of e xperiments , the system w as tr ained with do wnsampled clean speech, selectiv e LPC of order eight, a frequency-w arping coef�cient of 0.3, and tested with noisy speech. W e compared the performance obtained with and without the use of CDCN.

When the signal-to-noise r atio is very low (below 5 dB), compensation algor ithms ha ve a v ery important effect, impro ving recognition accur acy o ver the case of no compensation. When the signal-to-noise r atio is moder ate (abo ve 15 dB) the best w ay to get good results is to tr ain the recognition system on noisy speech.

TRAIN TEST CDCN RECOGNITION A CCURACY

TIMIT TIMIT NO 48.9% TIMIT TIMIT YES 47.7% NTIMIT NTIMIT NO 42.7% NTIMIT NTIMIT YES 42.1% TIMIT NTIMIT NO 31.3% TIMIT NTIMIT YES 39.0% Table 8: Cr ossed Results

Figure 6-9 : Warping Coef�cient v ersus Recognition Accur acy in the AN4 database (d0wnsampled).

In this case , we can get up to 42.7% of recognition accur acy. If the system is tr ained on clean speech and tested on noisy speech there is a deg radation of about 11.4%. CDCN is ab le to reduce this deg radation to only 3.7%.

When w e compare the perf ormance of CDCN in this NTIMIT task with the perf ormance obtained in the AN4 task (Acero [1990]), CDCN seems to produce slightly w orse results^6, perhaps because the algor ithm is not designed to deal with the non-stationar y noise that could appear in the noisy test set and which ma y not ha ve been obser ved dur ing training in the crossed conditions . Another possib le explanation could be in the nonlinear ities present in the netw ork.

6.5.2 RAST A

We also perf ormed a ser ies of e xperiments using the RAST A technique . The RAST A technique can be applied to the reduction of additiv e noise , or to the reduction of linear �lter ing effects of the channel. In the following experiments the RAST A technique w as applied in the cepstr al domain, dealing then with linear channel distor tion.

The RASTA technique w as applied to the TIMIT and NTIMIT databases using the selectiv e 8^{th}-order LPC technique , downsampled speech, and a bilinear w arping coef�cient of 0.3. The results are giv en in Table 9. The RAST A �ltering was not applied to the c[0] coef�cient (the a verage energy in the fr ame), since this coef�cient contains inf ormation about the lo w-frequency content of speech which w ould be remo ved b y RASTA �ltering. In fact in pre vious e xperiments w e ha ve obser ved that the use of the RAST A algorithm on the c[0] cepstr al component reduces the recognition accur acy signi�cantly .

In the case of tr aining on the closetalk speech and testing using the telephone channel, RAST A is ab le to improve recognition accur acy from 31.3% to 33.2%, less than 2%. P erhaps the reason wh y the impro ve-

6. In pre vious e xperiments CDCN w as applied to a noisy v ersion of the AN4 database . Theref ore when compar ing the bene�t of using CDCN in the crossed conditions (tr ain on clean AN4, test on the noisy AN4), the use of CDCN impro ved recognition accur acy signi�cantly o ver not using it.

TRAIN TEST RASTA RECOGNITION ACCURACY

TIMIT TIMIT NO 48.7% TIMIT TIMIT YES 44.9% NTIMIT NTIMIT NO 42.7% NTIMIT NTIMIT YES 39.2% TIMIT NTIMIT NO 31.3% TIMIT NTIMIT YES 33.2% Table 9: Results of using RAST A in the TIMIT/NTIMIT task

ment is no g reater lies in the f act that RAST A is oper ating to remo ve the linear channel distor tion. In the case of telephone speech additiv e noise could be the dominant prob lem.

6.6 Ne w Spectral Representations: Mel Frequenc y Scaled Cepstrum

Another w ell-known front end is the Mel F requency Scaled Cepstr um (MFCC), de�ned as the DFT of the logar ithm of the po wer spectr al density function inter polated o ver a w arped frequency scale (the Bar k scale). The main diff erence betw een MFCC and the current SPHINX front end is that the po wer spectr al density function is estimated directly using the DFT of the windo wed speech, r ather than descr ibing the speech b y an AR process .

MFCC appears to ha ve two adv antages o ver the con ventional LPC approach. The �rst adv antage is that the co variance matr ix of MFCC coef�cients appears ha ve smaller v alues outside the main diagonal (and most speech recognition systems assume that the off-diagonal elements are z ero). Second, the estimation of cepstr al coef�cients using MFCC seems more rob ust to the presence of noise compared to the LPC approach.

Table 10 pro vides a summar y of experimental results compar ing the use of the Mel F requency Scaled Cepstr um as a front end with the LPC F requency Cepstr um (LPCC).

We selected the front end par ameters (LPC order , alpha w arping coef�cient, n umber of channels in the MFCC front end,...etc) of these e xperiments so that f or a given method (LPCC or MFCC) and bandwidth (4000 Hz or 8000 Hz) w e obtained the best perf ormance .

In gener al MFCC pro vides an impro vement of less than one percent under clean conditions , and slightly more than one percent on noisy conditions . In the case of crossed conditions there is no impro vement, ho wever there is still room f or improvements of the MFCC modelling, since at this stage it has not been fully adjusted to the reduced bandwidth conditions .

TRAIN TEST FRONTEND LPCORDER BANDWIDTH RECOG.ACCURACY

TIMIT TIMIT MFCC N.A. 8000 Hz 53.1% TIMIT TIMIT LPCC 14 8000 Hz 52.7% NTIMIT NTIMIT MFCC N.A. 4000 Hz 43.9% NTIMIT NTIMIT LPCC 8 300-3300 Hz 42.7% TIMIT NTIMIT MFCC N.A. 4000 Hz 29.8% TIMIT NTIMIT LPCC 8 300-3300 Hz 31.3%

Table 10: Comparison of LPCC vs. MFCC

6.7 Nonlinearities

An additional prob lem with telephone speech is the possibility of nonlinear ities introduced b y carbonbutton microphones in the handset and b y the netw ork itself. We perf ormed an initial ser ies of e xperiments in an attempt to de velop a simple scheme to compensate f or the eff ects of these nonlinear ities. In these experiments w e assume that the nonlinear ities in the net are memor yless , i.e. they can be modelled as an oper ation that does not tak e into account pre vious time v alues , such is the case of quantiz ers and ampli�ers working in a nonlinear region. A fur ther assumption w e mak e is that the nonlinear ities are soft, i.e. the y don�t have shar p transitions .

A set of e xperiments w as designed to see if under these assumptions the nonlinear ities could be reversed. Since w e ha ve access to the input of the telephone channel (the TIMIT speech) and its output (the NTIMIT speech), assuming statistical independence of one sample from another , we calculated a histog ram of the signal that appro ximates the probability density function (PDF) f or the input and output signals . Once these tw o histog rams are estimated, a nonlinear w arping function can be f ound to match them minimizing the difference betw een the tw o.

In Figure 6-10 w e sho w histog ram plots f or a sentence from the TIMIT and NTIMIT databases . In Figure 6-11 we sho w the nonlinear mapping that minimiz es the distance betw een the tw o histog rams .

Using the clean speech as a ref erence , for every noisy sentence w e were ab le to �nd the mapping between histog rams that minimiz ed the distor tion. These mappings w ere used to re verse the nonlinear ities in the noisy testing set. W e then measured the recognition accur acy obtained using this testing set with compensation f or the nonlinear ities. The system w as tr ained using the TIMIT database and tested using the NTIMIT database .

Figure 6-10 : Amplitude histog rams f or one sentence . The solid cur ve represents clean speech, and the dotted one represents noisy telephone speech.

Chapter 6: Recognition in the TIMIT/NTIMIT T ask Page 32

The results , sho wn in the ne xt table, indicate that this technique produces a deg radation in recognition

accur acy rather than an impro vement in perf ormance . We belie ve that the prob lem with this scheme is that two other eff ects f ound in the telephone netw ork, additive noise and linear �lter ing, are not considered.

In gener al if h(m) is the telephone channel, n(m) the additiv e noise and T[] is a nonlinear function that

can be considered memor yless , the output y(m) will have the f orm:

The combination of these three eff ects results in a highly nonlinear and dif�cult prob lem. In fact we would like to be ab le to estimate sim ultaneously these three par ameters , T[], h(m) and n(m) in a similar w ay that the CDCN algor ithm estimates sim ultaneously the linear �lter ing of the channel and the additiv e noise .

TRAIN TEST LPC NONLINEARITY RECOG. A CCURACY

TIMIT NTIMIT 8 NOT REVERSED 31.3% TIMIT NTIMIT 8 REVERSED 29.9% Table 11: Comparison of r eversed vs. not r eversed nonlinearity in the cr ossed conditions

Figure 6-11 : A dynamic w arping cur ve minimizing the distance betw een a clean and noisy speech amplitude histog ram.

Chapter 6: Recognition in the TIMIT/NTIMIT T ask Page 33

6.8 Summar y

In this chapter w e ha ve e xplored the eff ect of the telephone netw ork on speech recognition systems , and w e ha ve obser ved a 10% deg radation in perf ormance when compar ing telephone speech to clean speech. A n umber of reasons f or this deg radation ha ve been e xplored, from bandwidth reduction to inappropriate front end par ameters (LPC order , analysis windo w size, frequency-w arping coef�cient, and P ascal window width). The eff ect of lo w-frequency tones in the LPC analysis has also been e xplored, and a technique to deal with this prob lem, selectiv e LPC , has been proposed. A gener al �ne tuning of the SPHINX front end has produced an impro vement of about 3% when compared with the standard SPHINX front end.

Two en vironmental compensation techniques ha ve been considered, RAST A and CDCN. CDCN has proved to be m uch more eff ective in the case of tr aining with clean speech and testing using speech o ver the telephone netw ork, although its perf ormance o ver the telephone netw ork is worse than in other noisy environments .

Finally, the use of spectr al representations using Mel-frequency cepstr al coef�cients has been considered, yielding similar results to what w as obtained using the more tr aditional LPCC front end.

In conclusion w e ha ve sho wn that the gener al deg radation of 10% introduced b y the telephone netw ork does not appear to be produced b y downsampling or b y inappropr iate par ameters used in the LPC model. In fact when a complete ne w front end based on FFT analysis is introduced this 10% deg radation remains . Furthermore , our e xperiments using the CDCN algor ithm suggest that the deg radation in recognition accuracy cannot be accounted f or by simple additiv e noise and linear �lter ing in the telephone channel; our results suggest that other sources of deg radation are present as w ell.

Chapter 7: Conclusions and Future W ork Page 35

Chapter 7 Conc lusion and Future W ork

In Section 7.1 we summar ize the major �ndings of this repor t, and in Section 7.2 we offer suggestions for future w ork.

7.1 Summar y of Findings

In this repor t we ha ve perf ormed se veral experiments to e xplore the eff ects that the telephone netw ork has on the recognition accur acy of a speech recognition system. In gener al we ha ve obser ved a deg radation of about 10% in recognition accur acy. A deg radation of 20% w as obser ved when the system is tr ained on clean speech and tested on telephone-quality speech.

We studied se veral hypothesis f or the reduction in perf ormance in the NTIMIT task, including bandwidth reduction introduced b y the telephone channel and inappropr iate choice of front end par ameters . Of the parameters considered (LPC order , window size, pascal windo w width and bilinear alpha coef�cient) only the bilinear alpha coef�cient w as found to aff ect recognition accur acy. Bandwidth reduction w as also aff ected the recognition accur acy. Fine adjustment of the LPC par ameters did not impro ved perf ormance , except for some conditions in which the system w as tr ained on clean speech and tested using telephone speech.

In the following three tab les a summar y of major results is presented.

TRAIN TEST ANALYSIS FREQ .RANGE COMPENSATION RECOG. ACCURACY

TIMIT TIMIT LPCC 0-8000 Hz NONE 52.7% TIMIT TIMIT LPCC 300-3300 Hz NONE 48.9% TIMIT TIMIT MFCC 0-8000 Hz NONE 53.1% TIMIT TIMIT LPCC 300-3300 Hz RASTA 44.9% TIMIT TIMIT LPCC 300-3300 Hz CDCN 47.7% Table 12: Summary of r esults for the TIMIT task

Chapter 7: Conclusions and Future W ork Page 36

We were disappointed to �nd that en vironmental-compensation algor ithms such as RAST A and CDCN which ha ve pro vided impro vements in other domains in which diff erent conditions w ere used f or training and testing did not b y themselv es pro vide much help in dealing with the special prob lems of telephone speech. Speci�cally , we found that when the system w as tr ained and tested using the NTIMIT database neither CDCN nor RAST A provided better perf ormance than the perf ormance obtained with the baseline system. Similarly, the use of CDCN did not completely compensate f or loss of recognition accur acy incurred b y training with TIMIT speech and testing using the NTIMIT database . (This is indicated b y the fact that TIMIT/ NTIMIT performance using CDCN is w orse than NTIMIT/NTIMIT perf ormance with no processing.) This is the �rst instance in which CDCN w as unab le to pro vide complete compensation f or different tr aining and testing conditions . Hence it appears that there are impor tant sources of deg radation in telephone speech beyond the simple eff ects of quasi-stationar y additive noise and linear �lter ing.

We also considered a compensation algor ithm for dealing with nonlinear eff ects and studied alter native spectr al representations .

We belie ve that the standard front end par ameters are reasonab le, although some simple adjustments are necessar y to account f or the reduction in sampling r ate . Alternate spectr al representations such as MFCC seems to pro vide slightly better perf ormance .

TRAIN TEST ANALYSIS FREQ .RANGE COMPENSATION RECOG. ACCURACY

NTIMIT NTIMIT LPCC 0-8000 Hz NONE 41.3% NTIMIT NTIMIT LPCC 300-3300 Hz NONE 42.7% NTIMIT NTIMIT MFCC 0-4000 Hz NONE 43.9% NTIMIT NTIMIT LPCC 300-3300 Hz RASTA 39.2% NTIMIT NTIMIT LPCC 300-3300 Hz CDCN 42.0% Table 13: Summary of r esults for the NTIMIT task

TRAIN TEST ANALYSIS FREQ .RANGE COMPENSATION RECOG. ACCURACY

TIMIT NTIMIT LPCC 0-8000 Hz NONE 23.9% TIMIT NTIMIT LPCC 300-3300 Hz NONE 31.3% TIMIT NTIMIT MFCC 0-4000 Hz NONE 29.8% TIMIT NTIMIT LPCC 300-3300 Hz RASTA 33.2% TIMIT NTIMIT LPCC 300-3300 Hz CDCN 39.0% Table 14: Summary of r esults for the cr ossed conditions task

Chapter 7: Conclusions and Future W ork Page 37

7.2 Future W ork

The results of this study point to three directions of research that are lik ely to be needed to fur ther improve recognition accur acy of telephone speech.

The �rst and simplest technique to be adopted is the use of noise-w ord models , which were not e xamined in this study . These models ha ve the ability to pro vide some resilience to the eff ects of non stationar y noises which can be v ery troublesome in a database as NTIMIT . So far noise-w ord models ha ve been applied to very simple tasks , with limited vocab ularies and with the aid of g rammars with g reat success , but it remains to be seen if these methods can achie ve a signi�cant impro vement in more comple x tasks and f or speech o ver telephone lines .

We also belie ve that fur ther research in telephone speech recognition w ould be helped b y a more analytical approach to modeling of the telephone channel. A n umber of ph ysical models ha ve been de veloped for research in telephone-channel sim ulation. This kno wledge should be e xploited to de velop compensation procedures that are more speci�c to the v agar ies of long distance telephone lines .

Finally we belie ve that fur ther impro vements in compensation techniques such as CDCN can be obtained if the algor ithms are applied at the le vel of phonetic models in the speech recognition system. So f ar all of our work has tak en place at the w aveform level before speech is input to the system. Application of this compensation at the HMM-state le vel remains an open �eld of study .

References Page 38

References

Acero A. (1990) Acoustical and En vironmental Rob ustness in A utomatic Speech Recognition. Ph. D . Disser tation, ECE Depar tment, Car negie Mellon Univ ersity, September 1990.

Care y M. B., Chen H. T ., Descloux A, Ingle J . F., and P ark K. I. (1984) 1982/83 End Of�ce Connection Study:

Analog Voice and V oiceband Data T ransmission P erformance Char acter ization of the Pub lic Switched Network, AT&T Bell Labs Tech. J . , 63, No vember 1984, 2059-2119

Chigier B. (1991) Phonetic Classi�cation on Wide-Band and T elephone Quality Speech, International Conference on Acoustics , Speech and Signal Processing (ICASSP) 1991.

Ephraim Y., Malah D . and Huang B .D. (1989), Speech Enhancement Based Upon Hidden Mar kov Modelling.

International Conf erence on Acoustics , Speech and Signal Processing (ICASSP) , Glasgo w, UK, May 1989.

Gales M. J . F. and Young S . (1992), An Impro ved Approach to the Hidden Mar kov Model Decomposition of Speech and Noise , International Conf erence on Acoustics , Speech and Signal Processing (ICASSP) , 1992.

Gillick L. and Co x S.J. (1989), Some Statistical Issues in the Compar ison of Speech Recognition Algor ithms, International Conf erence on Acoustics , Speech and Signal Processing (ICASSP) Glasgo w, UK, May 1989.

Gray R., Buz o A., Gray A. and Matusy ama Y. (1976), Distance Measures f or Speech Processing, IEEE Trans . on Acoustics , Speech, and Signal Proc. , October 1976.

Hermansky H., Morgan N., Ba yya A., and K ohn P. (1991) Compensation f or the Effect of the Comm unication Channel in A uditory-like Analysis of Speech (RAST A-PLP), Proc. EUR OSPEECH 91 , pp 1367-1370, Geno va, 1991.

Hirsh G., Me yer P. and Ruehl H. (1991), Impro ved Speech Recognition Using High-pass Filter ing of Subband En velopes , Proc. EUR OSPEECH 91 , pp 413-416, Geno va, 1991.

Jankowski C., A. Kalyans wamy, Basson S ., and Spitz J .(1990).NTIMIT: A Phonetically Balanced, Contin uous Speech, T elephone Bandwidth Speech Database ,International Conf erence on Acoustics , Speech and Signal Processing (ICASSP) , April 1990

Lee K. F. (1989) A utomatic Speech Recognition: The De velopment of the SPHINX Recognition System, Kluwer Academic Pub lishers , 1989.

Lee K.F. and Hon H. W . (1988) Speak er-Independent Phone Recognition Using Hidden Mar kov Models , CMU-CS-88-121, Car negie Mellon Univ ersity, Computer Science Research Repor t.

Lim J.S. (1983), Speech Enhancement, Prentice Hall, Engle wood Cliffs, NJ, 1983.

Lim J.S. (1979), Enhancement and Bandwidth Compression of Noisy Speech, Proce . of the IEEE , vol 67, Dec 1979.

Makhoul J . (1975), Linear Prediction: A T utorial Review, Proce . of the IEEE .Vol 63, 1975, 561-580.

Makhoul J ., and W olf J. (1970), Spectr al Linear Prediction: Proper ties and Applications , IEEE Trans . on Acoustics , Speech, and Signal Proc. Vol ASSP-23, J une 1975.

Rabiner R. L. and J uang B .H. (1986), An Introduction to Hidden Mar kov Models , IEEE ASSP Magazine 3, January 1986.

Rabiner R.L. and Schaf er R.W. (1978), Digital Processing of Speech Signals , Prentice-Hall

: References Page 39

Seneff S . (1988), A Joint Synchron y/Mean-Rate Model f or Auditory Speech Processing, Jour nal of Phonetics 16:55-76, 1988.

Stoc kham, T.G., Cannon T . M. and Ingebretsen R.B . (1975) Blind Decon volution Through Digital Signal Processing, Proce . of the IEEE 63 (4), Apr il 1975, 678-692.

Ward W. (1989), Modelling Non-V erbal Sounds f or Speech Recognition, 1 992 DARPA Workshop on Speech Recognition , pages 310-318, October 1989.

Wilpon J., Rabiner L. R., Lee C . and Goldman E. R. (1990), A utomatic Recognition of K eywords in Unconstrained Speech Using Hidden Mar kov Models , IEEE Trans . on Acoustics , Speech, and Signal Proc. November 1990.

Zue V. et al, (1990), The Summit Speech Recognition System: Phonological Modelling and Le xical Access , International Conf erence on Acoustics , Speech and Signal Processing (ICASSP) , Alburquerque , NM, pages 49-52, Apr il, 1990.

Zwicker E. (1961) Subdivision of the A udible Frequency Range into F requenzg ruppen, J. Acoust. Soc. Am.

33, 248,F ebruary 1961.