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30-1 HISTORICAL OVERVIEW

Voice recognition, the subject of research for more than 20 years, is a potential
application for microprocessors. Initial experimental systems utilized large pro-
cessors because of the necessary extensive computations. Eventually “minicom-
puters” were developed; their computing power has increased and new mathe-
matical and programming techniques have evolved. Because today’s
microprocessor is approaching the computing power of the minicomputer, it is
now practical to consider a voice-recognition system based upon a
MiCroprocessor.

There is a twofold rationale for a voice-recognition system: (1) It is an easier
means for noncomputer professionals to enter data into the computer. (2} In
certain applications, such as in semiautomated quality-control inspection pro-
cedures, computer users need to use their hands. The cost and generally limited
vocabulary of some commercial units have prevented their wide acceptance.
One common limitation, for example, is that the system and speaker have to be
“trained” to adapt the system to the particular characteristics of the speaker.

Adapted from Microprocessor Applications Handbook, edited by David F. Stout. Copyright © 1982. Used by per-
mission of McGraw-Hill, Inc. All rights reserved.
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30-2 SYSTEM GOALS
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Ideally, a truly general voice-recognition system would be capable of recogniz-
ing a large vocabulary of words, independent of the speaker.

This section describes an experimental system being developed by the author
as a hobby. Although not yet totally implemented, major portions of the system
have been completed and are operating. Based upon the results to date, the
remainder of the system has been planned and is currently being constructed.
The approach to the system design utilizes information about the speech wave-
form that has been reported in the literature as well as characteristics whic
can be observed on an oscilloscope or plotter.

The audio waveform created from speech is a complex signal of considerable
variation, depending upon the speaker’s physical characteristics, emotio
state, and learned speaking habits. Fundamentally, speech is created by 1
vibration of the vocal cords, which gives rise to the sounds, such as the vow
In addition, different sounds are created by air passing through constrictic
formed by the tongue, nose, and lips (for example, the /s/ and /f/ sounds
These basic sounds are modified by the size and shape of cavities in the mou
nose, and other air passages in the head. Differences in all these physical factc
cause variations in the speech waveform from speaker to speaker, and even fr
day to day in the same person. ‘

To be effective, therefore, a recognition system must be able to deal
these variations; that is, the system should be speaker-independent. In speec
waveforms, the variations are manifested as changes in frequency, relati
amplitude, and time duration. The system must be designed to normalize t}
factors, to create parameters independent of absolute time, amplitude, and 1
quency. This system’s approach is to use ratios of quantities that can be mea-
sured by the system.

Two additional goals are to make the system insensitive to extraneous soun
and to give it the ability to recognize continuous speech. Insensitivity to ex:
neous sounds is desired so the system can be used in practical applications w
background noise must be tolerated. For example, in a manufacturing loca
nearby machinery or other people create sounds. Requiring a noise-free
ronment is not feasible in such a situation. The ability to recognize continuc
speech is also a practical consideration. Certain systems quite accurately rec
ognize discrete words, spoken with distinct interword gaps. Continuous speect
consisting of more than one word spoken in a normal sequence, is much ma
difficult to recognize because the system must determine when one word end
and the next begins. Since many applications require recognition of sequern
of words, a system that restrains the speaker to an artificial way of sa;
phrases is not satisfactory.

The final goal is to design a system that can be implemented using mi
processors. With this restriction, it is not practical to use some of the approact
that have been investigated in the past because many require processing powe
in excess of that available with a microprocessor. For example, many resear:!
approaches utilize the fast Fourier transform (FFT) to convert the time-dom:
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signal into the frequency domain. It is not practical to implement a real-time
FFT on a microprocessor, so the system described here does not convert to the
frequency domain. Similarly, because the microprocessor is not as powerful as
larger computers, this design utilizes multiple processors to provide concurrency
and hence greater apparent processing power. These are examples of the types
of tradeoffs necessary when designing a microprocessor-based voice-recognition
system.

30-3 SYSTEM OVERVIEW

Six steps in the recognition of speech are common to most voice recognition
systems: (1) converting the input analog signal into a digital form by sampling,
(2) compressing or selecting the relevant data for subsequent processing, (3)
determining the boundaries of the word, (4) detecting patterns within the word,
(5) pattern classification, and (6) association of pattern sequences with words
in the vocabulary. :

With a powerful processor, it is possible to time-share the processor among
these six tasks. With microprocessors, however, it is more practical to use sev-
eral processors in a “pipelined” architecture. The first processor in the pipeline
performs one or more of the six tasks and passes the resulting data on to a
second processor. The first processor can then continue on the next speech seg-
ment while the second performs subsequent steps in the processing. The number
of processors required depends upon the complexity of the steps, the speed of
the processor, cost considerations, and the desired accuracy.

Figure 30-1 is a block diagram of the pipelined system described in this sec-
tion. It incorporates three separate microprocessors in addition to the signal-
input hardware. The input stage consists of a microphone preamplifier whose
characteristics attenuate frequencies above about 8 kHz. The analog-to-digital
converter (ADC) changes the input to a digital representation of the analog
voice signal. Processor 1, the input microprocessor, receives the data from the
ADC and determines when a voice signal, as opposed to noise, is present. It also
detects signal peaks (local maxima and minima) and records their amplitude

Processor no. 1

Iaput——~

Low-pass
filter

AtoD

convetter

Input

MiCcroprocessor

Processor no. 2

Processor no. 3

Pattern
classify
MiCroprocessor

Host

computer

ON-LINE

sforage

FIG. 30-1 Block diagram of pipeline speech-recognition system
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and the time interval between peaks. This significantly reduces the amount of
data that must be handled in subsequent processing. The selected data is passed
on to Processor 2, which decides when the compressed data constitutes a pattern
and then generates parameters based upon the type of pattern. Processor 3, the
host computer, uses the sequences of parameters to decide which word has been
spoken and to take the programmed action, such as print the word or control
an external device. The pipeline configuration essentially follows the six pro-
cessing steps in the recognition procedure.

An alternate approach, one that reduces computational time at the expense
of additional hardware, is to separate the speech into 8 to 15 frequency bands
using filters and then sample the filter outputs. The frequency and amplitude
information can then be used directly in Fourier series and other frequency-
domain computations. In essence, the fine detail of the speech waveform has
been transformed from the time domain to the frequency domain. However, the
filters are relatively expensive and implementing them digitally requires signif-
icant computing power, which is not consistent with the desire to use current
MiCroprocessors.

30-4 INPUT-SIGNAL PROCESSING

The speech waveform for the word “ship” shown in Fig. 30-2 illustrates the type
of signal that must be processed by the system. The first processing step is to
sample the analog waveform and to convert the amplitude of the signal at the
sampling instants into a digital word that can be manipulated by the computer.
Important considerations in this conversion are the sampling rate and filtering
requirements.

FIG. 30-2 Pattern of the word “ship”
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Analog-to-Digital Converters (ADCs) The basic equipment used to convert
an analog signal into its digital equivalent is the ADC, which is essentially a
digital voltmeter that can be controlled by the processor. Many different tech-
niques are available to perform the conversion, including successive approxi-
mation, voltage-to-frequency conversion, and dual-slope integration. The suc-
cessive-approximation (S/A) method is fast enough for sampling speech, and
low-cost integrated circuit (IC) versions are readily available.

The S/A technique compares the input voltage and a known voltage to gen-
erate the successive bits in the binary representation. First the unknown input
voltage is compared to a reference voltage equal to half the full-scale range of
the ADC. A decision is made as to whether the input voltage is greater than
the reference voltage. If it is, the most significant bit is set to binary 1. The next
comparison occurs between one-half the reference voltage added to one-fourth
the reference voltage. The second bit is set to 1 if the signal voltage is greater
than this comparison voltage. By proceeding in this fashion, the total binary
representation of the input signal value is generated. This comparison process
is inherent in the IC, so the processor merely needs to'initiate the conversion
and read the data at its completion. '

IC ADCs are available with up to 12 bits resolution (1 part in 4096), with 8
bits being quite common and inexpensive. Based upon experimental results
obtained with the system, it appears that an 8-bit ADC is adequate for the
approach described here.

The speed requirement for the ADC is determined by the sampling rate and
the desired time resolution. As discussed in the next section, a minimum sam-
pling rate of 6 kHz is required. However, to provide time resolution, the con-
version time should be only a small fraction of the 160-us period associated with
the 6-kHz sample rate. In the implemented system, an ADC having a conver-
sion time of 20 us is used; this is equivalent to a sampling rate of 50,000 samples
per second.

Another way to encode data is pulse-code modulation (PCM). There are sev-
eral forms of PCM, including delta modulation (DM) and differential pulse-
code modulation. These alternative analog conversion techniques are discussed
in later sections.

Sampling Rate Requirement The frequencies in a speech signal range from
somewhat less than 100 Hz to in excess of 8 kHz. The Nyquist criterion for
sampling states that a periodic signal can be described completely by 2f periodic
samples, where f is the highest frequency component of the signal. Thus, accu-
rate representation requires a sampling rate of at least 16,000 samples per sec-
ond or a sampling interval of about 60 us. This requires, however, that there be
no frequencies greater than 8 kHz; in reality, there are higher frequencies pres-
ent due to harmonics. To prevent errors caused by inadequate sampling speed
(“aliasing errors”), the input signal should be band-limited by using a low-pass
filter with a cutoff frequency of about 8 kHz. in the implemented system, the
sampling rate of 50,000 samples per second allows a signal bandwidth of 25
kHz which, when coupled with the characteristics of the microphone equaliza-
tion preamplifier, ensures that the sampled data accurately represents the
speech signal.
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Noise Suppression The physical environment in which a person speaks is sel-
dom free of background noise. To help suppress these extraneous signals, a uni-
directional microphone with a windscreen is recommended. This type of micro-
phone helps ensure that the speech signal will have a significantly higher
amplitude than that of the background noise.

Low-frequency (high-pass) filters also can help reduce noise generated by
low-frequency mechanical equipment such as electric motors. These filters can
be implemented by using analog techniques. However, the microprocessor can
provide their digital equivalent. Random sounds with a duration of up to several
milliseconds can be efficiently detected and eliminated with a microprocessor.

30-5 DATA COMPRESSION

The amount of data generated by sampling the voice signal at 16,000 samples
per second would require a large amount of storage if each sample amplitude
were stored. In addition, this quantity of data would overburden the micropro-
cessor in the subsequent processing steps. As a result, it is desirable to find some
technique either of reducing the amount of data stored or of storing it more
efficiently, without losing the information needed for subsequent recognition.

One technique for reducing the amount of data is to use a different encoding
scheme. For a continuous waveform, such as a speech signal, DM can be used.
This approach encodes the differential change (the delta) in the signal magni-
tude between sampling instants. If the differential is less than a preset value, no
data is recorded, thus significantly reducing the amount of data for slowly vary-
ing signals. In practice, a delta modulator can be implemented with an integra-
tor having a constant input with reversible polarity.

Starting at time t = 0, the output of the integrator is a ramp (the integral
of a constant), as shown in the first segment of Fig. 30-3. This output is com-
pared to the input signal at each clock time. When the integrator output exceeds
the input signal, the polarity of the integrator input is reversed. The integrator
output now decreases, as in the second segment of Fig. 30-3. When the integra-
tor output becomes less than the input signal, the integrator input polarity is
again reversed. In this way the integrator’s output “tracks” the signal input
using a triangular wave that lags slightly behind the differential changes in the
input. By recording the times at which the integrator polarity is reversed, a
digital representation of the signal is obtained. Either the number of clock
pulses in each interval or a 1 or a 0 at each clock pulse can be recorded.

poro—t L LU LI
Clock _n_ﬂ_ﬂ.ﬂ_ ___________________

FiIG. 30-3 Delta modulation
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The precision with which the integrator output tracks the actual signal
depends upon the clock rate and the magnitude of the integrated voltage. With
the proper selection of these parameters, and depending upon the desired pre-
cision (quantization resolution), the amount of data can be reduced signifi-
cantly, as low as 2 kbyte/s for speech signals.

A further improvement (see Fig. 30-4) can be obtained by using several fixed
input levels to the integrator. When the input is changing rapidly (i.e., has a
high slope or large differential), a large integrator input voltage is used, thus
allowing the integrator output to “catch up” to the input signal more rapidly.
When the differential is small, a
smaller integrator input voltage is
used, thus minimizing overshoot of the
integrator. To encode the signal, both
time of reversal and indication of o S
which integrator input voltage is used FiG. 30-4 Differential pulse code modula-
must be recorded. tion

In both approaches, determining :
the actual value of the input requires a numerical integration of the recorded
data. The recognition algorithm used in the system described here depends on
ratios of actual amplitudes of the input signal. For this reason the DM encoding
technique was not used because the requirement for numerical integration
would have increased computation, even though the amount of data stored
might be less.

Using a similar idea, however, the system employs immediate processing of
the data, to select only those data points needed in subsequent processing. As
the data from the ADC is received, it is immediately compared to the previous
sample to determine if a change in the sign of the slope has occurred. If it has,
the amplitude value is stored. In addition, the value of the time interval since
the last slope change is recorded. In a sense, the approach is.a peak detector in
which the input signal is approximated by a triangle wave of variable amplitude
and frequency, as shown in Fig. 30-5.

This approach also separates the amplitude and frequency characteristics of
the speech signal to the extent that the signal frequency is related to the time
intervals between slope reversals. This is called the frequency and amplitude
separation (FAS) method of data collection. The reciprocals of the time inter-
vals do represent true frequencies in the sense of the mathematical description
of sinusoids. However, they are indicative of the frequency components in the

k)
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FiG. 30-5 Frequency and amplitude separation
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waveform. As an indication of the data compression provided, most small words
(like ““ship™) require about 500 bytes of storage.

The FAS method does require that the time intervals be measured with rea-
sonable precision. Experimentally, it appears that sampling at least every 80
us (12,500 samples per second) is required. As noted earlier, the implemented
system uses a 20-us interval (50,000 samples per second), providing more than
adequate time resolution.

30-6 DISCRETE WORD-BOUNDARY
DETERMINATION

The next step in a voice-recognition system is word-boundary determination,
the process of determining if a word is present and where it begins and ends.
Although this seems to be a trivial process, difficulties arise because of such
factors as background noise and electronic interference. There are at least four
signal characteristics that can be used to distinguish speech from noise: ampli-
tude, frequency, duration, and sound patterns. Individually, none of these char-
acteristics is sufficient for all cases, but, when used in conjunction with each
other, an effective means of word detection is possible.

Because of the multiple characteristics being used, word-boundary determi-
nation must be done in several stages within a system. Easily identified word
boundaries are determined at the time of input, to allow isolated (discrete)
words to be identified. For continuous speech, where one word rapidly follows
or is slurred into another, word-boundary determination must be done at a later
step of the recognition process.

Variable-Amplitude Threshold A variable-amplitude threshold input section
is useful for determining the start and end of valid voice input. This technique
is used to lower the threshold amplitude until a signal that exceeds the threshold
voltage is received. The pattern-recognition component in the system identifies
the data as background noise and increases the threshold amplitude. After a
delay that is short compared to the length of a valid speech sound, the threshold
amplitude is reduced slightly and the sequence repeats. By using this approach,
the system continues to search for a valid speech signal without burdening the
system with erroneous noise data.

An interesting phenomenon that occurs in speech can cause end-of-word-
detection problems. At the end of a word, the vocal chords have lost their exci-
tation but are still oscillating. The speech waveform begins as erratic decay that
sometimes can be interpreted as multiple speech dead times. This decay can
cause an ambiguity in defining the exact end of a word. To help more clearly
delineate the end of a word, the variable-amplitude threshold can again be used
to advantage. When the interval between slope reversals exceeds 10 ms, the
threshold amplitude is increased and the sampling rate is reduced to 1,000 sam-
ples per second (1-ms intervals). After a short delay, the original threshold level
is restored, but sampling still continues at 1-ms intervals. When the input ampli-
tude again exceeds the threshold amplitude, the sampling rate increases to its
maximum rate.
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There is another phenomenon that can cause false word-end detection. When
a word consists of multiple phonemes (the basic acoustic unit of words), there
is a finite transition time between phonemes that can be greater than 10 ms. It
is very useful to be able to detect these transition times for future processing.
After a 10-ms period has elapsed, the pause may be caused by a true end-of-
word or by an end-of-phoneme. Further sampling of the input data at the 1-ms
time interval and the original amplitude threshold can determine which case
exists. If a signal amplitude greater than the threshold is encountered after 10
ms, then an end-of-phoneme signal is saved. If multiple consecutive 10-ms
periods exist, during which no signal is detected, then the pause is the end of a
word. The 10-ms criterion used was determined experimentally and may vary
in the final implementation.
Frequency The frequency of the input signal, as reflected in the time interval
between slope reversals, may also be used to distinguish between noise and the
presence of voiced input. Many types of background noise (such as that caused
by motor-driven machinery) have a low frequency. Although an analog filter
could be used to block this noise, a microprocessor can provide a similar func-
tion. The microprocessor can check the frequency of an input and determine if
it is below 300 Hz. If the FAS method is used for data compression, the micro-
processor can reject all input data until the interval between slope changes
exceeds about 1.5 ms, or half the period of a 300-Hz sinusoid. Similarly, the
endpoint of a word can be determined by the lack of a minimum 300-Hz input.
Thus, the microprocessor acts as a fast-attack and fast-decay comparator and
low-frequency filter. Even if the background noise is loud, false detection is
minimized.
Pattern Another way to distinguish between noise and voice is to examine
input patterns. Most noise above 300 Hz is random and of short duration. By
examining the pattern and the length of the noise, it is possible to ignore large-
amplitude noise. On the basis of experimental results, if an isolated sound lasts
less than 100 ms, a word is not in progress and the preceding data can be
ignored. '

Continuous Speech These techniques have proved effective for rejecting noise
and identifying word boundaries in discrete speech or in continuous speech in
which words are distinctly separated. Sometimes, however, these techniques
may not be effective when speech habits result in connected speech. For exam-
ple, the southern “you all” is often spoken as the single word “y’all,” and there-
fore must be considered as a distinct word for recognition purposes. Because the
specific system being described has not been implemented completely, its ability
to recognize continuous speech has not been evaluated. Most likely, additional
techniques will be required for word-boundary detection, or certain combina-
tions of words will have to be considered as single words for recognition
purposes.

Detection Algorithms The preceding requirements for noise suppression, data
compression, and word boundary detection using the FAS approach enable the
construction of an algorithm for the initial processing of the speech signal. Fig-
ure 30-6 is a flowchart of an algorithm that has been experimentally successful
for accurately tracking voice input. On a standard 8-bit microprocessor, the
algorithm takes about 100 lines of assembler code.
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FIG. 30-6 Flowchart of FAS algorithm

The top third of Fig. 30-6 samples for a slope reversal and should be less than
80 us (preferably faster), so that peak times can be accurately determined. The
section on the right side of Fig. 30-6 shows that changing the sampling rate has
no effect on the amount of data needed to represent the waveform. Only when
the slope of the waveform changes sign are any data saved. Thus, increasing
the sampling rates simply provides more precision in determining the time
between peaks. When a slope reversal occurs, the maximum or minimum ampli-
tude can be either saved or forwarded to the next microprocessor. The time
between slope reversals also is saved, and the scanning continues looking for the
next slope change.

The lower-left section of Fig, 30-6 suppresses data output during speech dead
times, such as between words or during some consonants. A slow sampling rate
and variable-amplitude threshold help eliminate background noise and false
end-of-word detection. Because data is not saved until a word actually exists, a
considerable amount of data need not be analyzed subsequently. For simple
words (e.g., the word “one”), the FAS method reduces the input waveform to
only 256 to 512 bytes of data.

As a side benefit, data resulting from the FAS method allows very simple
speech-output hardware. A digital-to-analog converter (DAC) may be used in
conjunction with the transition time. This data is sent to the DAC to generate
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triangular wave shapes that approximate the speech waveform. For higher-
quality output, the microprocessor can construct a sine-wave segment between
two points.

30-7 DEFINITIONS OF LINGUISTIC TERMS

The subsequent sections use certain linguistic terms that may be unfamiliar to
most people. Although the definitions are not considered technically rigorous by
pure linguists—indeed, there is much disagreement among linguists as to what
is the technically correct definition of many of these terms—their purpose here
is to provide a common basis for understanding the terms used in the remainder
of the section. Definitions of the linguistic components of speech are best clar-
ified by numerous examples. This section also illustrates that voice recognition
must concern itself mainly with sounds, not the traditional spellings of words.

Morpheme A morpheme is the smallest unit of meaning in language. In
English, all words are made up of at least one morpheme. Many morphemes
are words in their own right, for example, “pin” and “fish.” Some morphemes
must be combined with others to make what we refer to as words. For example,
the morphemes “un,” “pin,” and “ing” have their own meanings, with “un”
being a negative and “ing” indicating an action, but neither can be used
independently.

Phoneme A phoneme is the basic unit of distinctive sound. For example, the
word “cat” has three phonemes, with each letter representing a phoneme. This
is not always the case because some phonemes require more than one letter,
such as the sound represented by “ou” in “house.” On the other hand, some
letters represent a number of phonemes. For example: “a” can represent the
three different phonemes heard in “cat,” “father,” and “make.” Occasionally,
a letter does not represent a phoneme at all, as, for example, the silent “¢” in
“tame.” These inconsistencies between spellings and sounds (grapheme-pho-
neme inconsistencies) are very common in the English language and have led
linguists to invent phonetic alphabets, where one symbol represents only one
phoneme.

Consonants Consonants are all the letters of the alphabet except the vowels
“a,” “e,” “1,” “0,” and *“u.” Taken singly, most consonants represent a single
phoneme. There are exceptions, as, for example, the letter “c,” which has no
sound exclusive of its own; it sometimes borrows the sound of “k” (cat) and
sometimes the sound of ““s” (cent). Consonants taken in combination produce
even more phonemes.

9 66 9% 667 99 46 99

Vowels Vowels are the five letters “a,” “e,” “i,” “0,” and “u” (“y” also may
be used as a vowel). Every English morpheme contains at least one vowel. Vow-
els present an extreme number of grapheme-phoneme inconsistencies. Even
taken singly, vowels represent more than one phoneme, depending on the spell-
ing of the word (graphemic environment). The sounds of “a” in “pan” and
“pane” are affected by the silent “e.” Vowels are often “overruled” by conso-
nants; for example, the /o/ sound, as in “boat,” is significantly affected by the
*“overruling r”’ in “more.”
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Digraph A digraph is a combination of two vowels or two consonants that
results in only one phoneme. Examples are the “ch” in “chair” and the “ai” in
“sail.”

Diphthong A diphthong is a combination of two adjacent vowels in a mor-
pheme, where each vowel is sounded and each produces sounds it does not pro-
duce in other graphemic environments. The “oi” in “0il” and “ow” in “out” are
diphthongs.

30-8 PATTERN DETECTION WITHIN A WORD

The next processing step in the voice-recognition system begins the analysis
phase. There is some uncertainty as to what constitutes the intelligence of
speech and what characteristics of a speech waveform allow the brain to rec-
ognize words. However, it appears that the intelligence recognized by the brain
is related to patterns of frequency and amplitude. Taking this view, speech con-
sists of patterns of several types and transitions between patterns.

It is difficult to describe precisely what constitutes a pattern because of the
many waveforms that can occur in speech. A rough definition of a pattern might
be multiple occurrences of a particular distinctive waveform.

Observing the waveforms of phonetic sounds on a scope or plotter resulted in
identifying three general pattern characteristics. Most unaspirated sounds, such
as /s/, appear random in nature, but even randomless can be defined as a dis-
tinct characteristic. The vowel sounds are complex periodic oscillations caused
by vocal-chord vibrations. Stop consonants are characterized by a short pause
followed by a high-amplitude burst of sound. Variations of basic sounds are
caused by the mouth, temporary positions of the tongue and lips, and the per-
manent characteristics of other facial features. Thus, each pattern variation is
unique to an individual, and so the patterns must be defined broadly to be
useful.

The patterns do not remain constant, even within a phoneme. As one pho-
neme ends and another begins, there is a transition between patterns that may
range from silence to a complex blending of the initial and final pattern. The
first processing task, therefore, is to recognize the existence of a relatively stable
pattern that, in subsequent analysis, can be classified for use in identifying the
spoken word. '

The saved input data are the time intervals and amplitudes of maxima and
minima. The time intervals are very useful for determining random variation;
the amplitude values are used for identifying oscillations. However, neither can
be used independently to determine the parameters of a pattern.

Pattern Characteristics The random waveform sounds change slope polarity
frequently, and the time between slope reversals is usually less than 160 us.
Potential stop consonants (/b/, /d/, /g/, /p, /t/, /k/) are detected in the data-
input section or during the pattern-detection phase of analysis and are identified
by a pause followed by a high-amplitude signal. If a 10-ms interval between
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FIG. 30-7 (a) Damped oscillation; (b) absolute value
of change in damped oscillation

large amplitude changes occurs, the following pattern is probably a stop
consonant.

Amplitude variations associated with periodic oscillations are more difficult
to detect. Most types of oscillations observed are damped; that is, the peak
amplitudes within a pattern decrease progressively in size, as shown in Fig. 30-
7a. The damped type of oscillation can be detected by subtracting successive
peak amplitudes, determining the absolute values of the change, and noting that
three or more points form a negative slope. The data resulting from performing
this algorithm are shown in Fig. 30-7b.

Pattern-Detection Procedure Determining the precise beginning and ending
of a pattern is difficult. Simple words such as “one” contain three to four dis-
tinct types of patterns, and each type has 10 to 12 repetitions. Detection of these
groups of the same pattern type is a complicated problem because of variations
in the same pattern and the leading and trailing transitions between patterns.

In the system being described, the detection of the beginning and ending of
a pattern depends upon recognition of the random and decaying oscillation sig-
nals previously described. As soon as one or the other is detected, the data is
tagged as the beginning of a pattern. When the data no longer satisfies the
characteristics of the identified pattern, the data is tagged as the end of the
pattern and a search for the next pattern begins.

In more detail, the procedure is as follows. At the identified beginning of a
word, the program concurrently examines the data for both randomness, as
indicated by slope reversals in less than 160 us, and decaying oscillations, as
indicated by periodic monotonic decreases in the absolute values of the peak
amplitudes. If the randomness criterion is satisfied for about 30 slope reversals,
the search for damped oscillations is terminated. The random-pattern analysis
continues until seven time intervals fail to satisfy the criterion, at which time
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the end-of-pattern is declared. Similarly, when damped oscillations are found,
the end-of-pattern is declared after the appearance of seven slope reversals
which do not satisfy the criterion.

After an end-of-pattern is declared, the preceding data are examined to
determine the number of slope reversals in the pattern. If there are fewer than
about 40, it is assumed that the data represent a transition period and they are
ignored in subsequent analysis.

This procedure was derived from experimental results and observations of
speech waveforms. Tests to date indicate that it is effective in segmenting the
word for subsequent analysis. Due to variations in speakers and utterances of a
single speaker, the same word may result in differing members of identified
patterns. These multiple patterns must be resolved in the subsequent pattern-
classification and word-recognition portions of the system.

30-9 PATTERN PARAMETERS AND ANALYSIS

After segmenting the word into patterns, the next step is to derive a set of mea-
surement parameters that can be used for the further classification and trends
of the patterns. If patterns are described too precisely, the chances of finding
them again in the same word are small. If patterns are examined too coarsely,
the distinction between vowels, for example, is very difficult. To produce
speaker-independent recognition, some degree of variation must be accom-
modated.

A number of parameters can be used to describe a speech waveform. Some
parameters require large amounts of mathematical manipulation, implying sig-
nificant processing time or additional hardware. Cost, performance, and accu-
racy must be balanced to create a reasonable system configuration.

Types of Patterns In the system being described, two independent searches
of a pattern are made to extract the necessary parameters. One search does a
detailed analysis of types of oscillations; another search develops the trends of
the pattern. In.each search, both time and amplitude data are examined. The
analysis is based upon changes in time and amplitude between peaks, and the
parameters are expressed as ratios, so as to make the resultant parameters inde-
pendent of the absolute time and amplitude.

Eighteen parameters currently are calculated in this system; sixteen are
grouped into four categories. The remaining two parameters are single values:
one is a number and the other is an average taken over the total pattern. The
eighteen parameters can be summarized thus:

. Damped oscillations—amplitude analysis (four ratios)
. Damped oscillations—time-interval analysis (four ratios)
. Peaks—amplitude analysis (four ratios)

1
2
3
4. Peaks-—time-interval analysis (four ratios)
5. Number of repetitions

6.

Average time interval
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(b)
FIG. 30-8 Patterns of (a) the vowel /a/, and
(b) the vowel o/

Damped Oscillations— Amplitude Analysis As described earlier, a damped-
oscillation pattern is identified by comparing the absolute value of the ampli-
tudes of successive peaks and noting that three or more of them are monotoni-
cally decreasing. Within a pattern of this type, there typically are a number of
repetitions of the damped behavior. Within each repetition, the number of oscil-
lations (peaks) appears related to the particular vowel. The existence of the
repetitions and of the varying number of peaks in a repetition is illustrated in
Fig. 30-8 for two vowel sounds. '

The pattern data based upon these observations is examined to identify the
repetitions. The total number of repetitions is determined and saved. Similarly,
the number of positive peaks in each repetition is saved. The time intervals
between the first five positive peaks also are saved for use in the later time-
interval analysis. The saved data are indicated graphically for two repetitions
in Fig. 30-9. For convenience, only the positive peaks are used in this analysis.
The concept could be used with both positive peaks (maxima) and negative
peaks (minima), but this has been found unnecessary in this experimental
system.
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Sum of all At's=104
FIG. 30-9 . Example of damped oscillation analysis

If we let R be the total number of repetitions (reps) in the pattern, four
ratios arbitrarily named r; through r, are calculated:

R
= o, of P,’s in R reps
I, = R
no. of Py’s in R reps
r; = R.
no. of P,’s in R reps
by = total no. of peaks (P) in R reps

R

Because it is conceivable that the denominator of some of these ratios might be
zero, the program must test its value to avoid an attempt to divide by zero.

All calculations are done by using integer arithmetic, which is usually faster
than floating-point arithmetic. This is why the ratios are designed to provide
numbers greater than 1. The ratio r, provides the average number of peaks in
a damped oscillation; this number is a clue as to the type of vowel or pattern.
If there are more than 16 damped-oscillation segments (R > 16), the pattern
is a candidate for classification as a vowel.
Damped Oscillations—Time-Interval Analysis Referring again to Fig. 30-9,
a similar set of ratios, arbitrarily designated r5 through rg, are calculated. They
represent the average time intervals associated with each of the first four peaks
and with the entire pattern.

The ratios are calculated as:

sum of At,’s in R reps

5= no. of P,’s in R reps
sum of At,’s in R reps
6~ Tho. of Py’s in R reps
sum of Aty’s in R reps
= no. of P,’s in R reps
[ = Sum of all At’s in R reps
g =

R

Again, the program should test the denominator for zero before attempting divi-
sion. Also note that rg is the average time duration of the damped oscillations.
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As a specific example of the calculation of r; through rg, consider the wave-
form in Fig. 30-9, which shows three repetitions of a damped-oscillation pattern
so that R = 3. The number of P,’s, P,’s, Py’s, and P,’s, are 3, 3, 3, and 2,
respectively. The time intervals are as shown in the figure. Using this data, the
ratios are:

3/3,3/3,3/1,13/3,23/3, 28/2, 20/2, 104/3

Peaks—Amplitude Analysis This analysis provides four additional ratios that
describe characteristics relating to the peaks in the waveform. Both positive and
negative peaks (maxima and minima) are used, and the ratios represent relative
occurrences of certain characteristics compared to the total number of peaks P
in all repetitions R. The ratios arbitrarily are designated as ry through ry,. In
the calculation of ry, “equality” means that the peak amplitudes are equal to
within 6 of the 8 data bits; that is, the subsequent peaks vary less than 4 parts
out of 2%, or 256.
The ratios are defined as:

g = . P T
no. of sequential peaks almost zero in total pattern
_ P
fo = no. of sequential peaks equal in total pattern and > zero
_ P
1= Do, of sequential peak amplitudes monotonic (positive or negative)
in total pattern
P
Iy =

no. of sequential peaks in total pattern for which differentials
alternate

The last parameter requires further explanation. The denominator is deter-
mined by considering three peaks at a time. If P; > P, < P;, then one differ-
ential (P, — P,) is positive, and differential (P, — P3) is negative. This is what
is meant by alternating differentials. It is extended to Py, Ps, ..., until the
condition is no longer true.

Peaks—Time-Interval Analysis This analysis is analogous to that used for
the amplitude data. Because the numbers of peaks and time intervals in the
pattern differ by only 1, P is used in calculating the ratios. With the same inter-
pretations of equality and alternating differentials, the ratios r; through ri¢ are
defined as:

P

ry; = . ; -

™ no. of sequential At’s << 280 us in total pattern

P

r == N .

"7 no. of sequential At’s = or > 280 us in total pattern

P
Iis = ; : Iy : :
no. At’s monotonic (positive or negative) in total pattern
P

Iy =

no. of sequential At’s in total pattern for which differentials alternate
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FiG. 30-10 Block diagram of pattérn classification

Parameter-Calculation Procedure The remaining two parameters are the
number of repetitions in the pattern (earlier defined as R) and the average time
interval in the entire pattern. This is defined as:

sum of all At’s in total pattern
P

The total procedure is summarized in Fig. 30-10. The word-boundary and
data-compression (selection) procedures were described earlier and are shown
in more detail in Fig. 30-6. This procedure executes very quickly on a micro-
processor. It is implemented in about 300 lines of assembler code and requires
about 600 bytes of storage.

Pattern Analysis Specific computer routines that examine the parameters
described have not yet been completed. As a result, experimental evidence that
the 18 parameters are sufficient for voice recognition has not yet been obtained.
Development of the pattern-analysis and word-recognition algorithms may
result in modifications, additions, or deletions to the set of parameters. However,
the work to date suggests that this set may be sufficient. On the basis of manual
computation and visual observation of the ratio parameters for many different

Iy, =
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words, several observations can be made that will be the basis for developing
the analysis routines.

There are multiple parameters generated for a pattern, and a decision as to
the nature of a particular pattern cannot be made until all patterns are consid-
ered. The pattern must be examined as a total entity because of the number of
identifying characteristics within that pattern.

The hard consonant (such as /t/ in “two”) has as its main characteristic ry3,
rs (small ratio). Words like “one” and “four” have similar parameters (rq
through rjs) across a pattern and similar oscillation types in the amplitude
domain (r, through ry) but vary in the time domain of the oscillations (rs
through rg). Unaspirated sounds have a large number of random changes and
small average time within a pattern (r3, (7).

These observations can be illustrated by using the actual ratios generated by
the system for the word “ship.” A facsimile of the output is shown in Table 30-
1. Pattern 1 shows a large number of peaks which change slope (r},). The time
associated with this change is short (r{7), and the short time interval is the pre-
dominant occurrence (r3). The large number of damped oscillations (R and r;5)
is consistent with the idea of randomness because all pattern types can exist in
a random pattern. Pattern 1, then, is at the least an unaspirated sound (that is,
/s/, /t/, /1]); to help distinguish these ratios (rs through rg) indicate a probable
/s/ sound. Patterns 2 to 3 represent the middle of the word. Pattern 3 is ter-
minated by a stop-consonant flag derived by the input processor. Pattern 4 then
identifies the /p/ as the stop consonant.

It appears that the unique identification of vowels will be very important in
the success of this, or any, speech-recognition system. There are many similar
words that differ in only the vowel sound, as, for example, “hit,” “hat,” and
“hot.” As shown in Table 30-2, half the phonemes are vowel-like sounds (i.e.,
vowels, semivowels, and diphthongs). Although characterized by the multiple
repetitions of decaying oscillations, unique identification appears to depend
upon the ability to identify the frequency content of the sound.

Some techniques for voice recognition depend heavily upon a frequency-
domain analysis of the sound. Directly (by use of a filter bank) or indirectly (by
the FFT, for example), the relative energy in certain frequency bands has been
measured. Vowel-like sounds typically show three or more distinct frequency
ranges, called “formants,” in which significant energy is concentrated. Table
30-3 shows the frequencies on which these bands of energy are centered for the
vowel sounds. The values are averages taken over different speakers uttering a
variety of words.

Pattern 1

Parameters for “Ship”
Damped oscillations Peaks

Amplitude Time interval Amplitude Time interval
n fp I3 I4 R Ts Ts Iy I'g g Ty Iy T T3 Ly Iis Ie Iy
1 1 1 3 109 4 5 6 38 15 2 8 2 2 8 3 16 23.
i 1 2 3 5 21 32 44 80 42 42 2 2 13 40 2 237
1 11 2 12 8 27 34 128 0 0 1 2 50 30 2 239
* 1 1 4 3 7 32 16 64 o 12 2 3 10 2 2 48

*Represents an inter-phoneme-gap flag.
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TABLE 30-2 Orthographic Representations
of Phonemes in American English and
Representative Words

Vowels Semivowels Diphthongs
Iy beet W wag el bay
I bit L famb oU  boat
E bet R rod al buy
AD bat Y yes al  how
UH but ol boy
A hot jU  few
oW bough (These sounds are particu-
U foot larly dependent upon their
00 boot location in the word and
ER bird surrounding vowels.)
Consonants
Nasals Stops Whisper
M miss B big H hand
N knot D dig
NG sing G give
P pin
T tin
K cat
Fricatives Affricates
v van DZH gem
TH then TSH  chin
Z Zip
ZH rouge
F fan
THE thin
S sod
SH shove

TABLE 30-3 Table of Formant Frequencies
for Vowels

Typewritten Typical
symbol for vowel  word F1 F2 F3

Iy beet 270 2290 3010
I bit 390 1990 2550
E bet 530 1840 2480
AE bat 660 1720 2410
UH but 520 1190 2390
A hot 730 1090 2440
ow bought 570 840 2410
8] foot 440 1020 2240
00 boot 300 860 2240
ER bird 490 1350 1690

In this system, the burden of converting to the frequency domain was not
considered reasonable, so all analyses are being done in the time domain. How-
ever, some frequency information is inherent in the time-interval data that has
been saved by the system. The exact relationships have not been derived, but it
is expected that the average values of the various time intervals can be related
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consistently to the formant frequencies. For example, the average length of the
repetitions in the first cycle of a damped-oscillation waveform appears to be
related to the third formant frequency, and rg is related to the first formant
frequency.

Phoneme Sequences The concepts discussed serve to associate the individual
patterns with phonemes. The procedures do not result in a unique relationship
between any given pattern and a single phoneme. The patterns resulting from
transitions between phonemes and limitations in the analysis techniques limit
the ability to totally and accurately identify phonemes.

However, it is expected that the procedures will narrow the possible pho-
nemes for a given pattern to a manageable number. To a greater or lesser
degree, the procedures will permit the construction of possible phoneme
sequences that approximate the actual phoneme sequence in the word. Using
the phoneme sequences in conjunction with the calculated ratios, a search tech-
nique of the dictionary of words, their phoneme sequences, and probable vari-
ations of these sequences can be constructed to lead to the actual word
recognition.

As a more specific example, the word “six” (phonetically, /siks/) is rather
easily separated into a sequence of four types of phonemes: a random sound, a
vowel sound, a stop consonant indicated by a pause, and a final random sound.
The identification procedures discussed for the vowel sounds can provide more
detail about the vowel sound. Similarly, random sounds will be analyzed to sep-
arate some of the fricatives, such as distinguishing /s/ from /z/.

An intelligent pattern-analysis algorithm is very necessary for identifying
phoneme sequences. Some patterns are meaningless because they merely indi-
cate a transition, and some patterns are only repeats of previous patterns. An
exact match of the parameters for each phoneme is not possible because of the
variations of each voice. What is possible is a trend analysis of the patterns. The
key parameters of each pattern parameter are used, and a best-fit approach is
used for comparison.

30-10 WORD-IDENTIFICATION TECHNIQUES

The final step in the word-recognition sequence is the association of phoneme
sequences to words. This will be done by establishing a dictionary that relates
actual words to phoneme sequences and other identifying parameters. Finding
the exact word involves searching the dictionary for a reasonable match.

The more powerful 16- and 32-bit microprocessors perform this task more
efficiently than do the 8-bit microprocessors. Their powerful instruction sets,
larger addressing space, additional addressing modes, and word size can be used
to reduce computation time and main storage requirements.

The search technique, the amount of storage, and the desired sophistication
of “understanding’ will influence the amount of storage required for the dic-
tionary. Simple digit-recognition systems might require as little as several
hundred bytes of storage. Very complex phrase- or sentence-understanding sys-
tems require multimegabyte dictionaries with syntactical parsing that breaks
down a sentence into nouns, verbs, and other components of a sentence.
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A number of well-known searching techniques are available. In some cases,
combinations of the techniques are used in a sequential procedure. The follow-
ing paragraphs introduce three of the search techniques likely to be useful in
this system: binary, indexed, and hashing.

Binary Search The binary search technique can be very efficient for a reason-
able number of entries, such as might be encountered in digit recognition. The
lookup table can reside in memory; a search divides the table in half and decides
which half the observed phoneme sequence is in. That half is cut in half, and a
similar decision is again made. This process continues until the word is found.
A table of 1024 entries can be searched with only 10 decisions by using this
method.

Indexed Search An indexed search is used for larger vocabularies. A table of
parameters is maintained that gives an address of a group of words with similar
properties. For example, an index table composed of phonemes can be used for
start-of-word sounds. If the first pattern of a word contains an /s/ sound, the
/s/ entry has associated with it a starting address for a table in memory. The
table contains all words with a starting /s/ sound, their likely phoneme
sequences, and other key parameters. This table of phoneme-constructed words
can have the English spelling as part of its entry. This spelling entry could be
used to directly print the word or to initiate some other computer response.

Hashing Parameters Hashing algorithms take all the key parameters from
the phoneme sequence and generate an address based upon some algorithm.
Some key parameters that can be used are the number of unique patterns, the
placement of vowels within a word, and beginning sounds. Hashing algorithms
are very efficient for converting the large number of parameters (40 to 50 bytes)
in a word to a 16- to 24-bit address. ‘

FIG. 30-11 Recognition pattern for the word “one”
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30-11 HARDWARE IMPLEMENTATION

There are many possible hardware configurations for performing voice recog-
nition. The configuration that was implemented is shown in Fig. 30-1. Now that
some of the problems and possible techniques associated with recognition have
been mentioned, a more descriptive functional hardware implementation is pos-
sible. Using this system, the parameters associated with a word can be deter-
mined in about 1.5 s, and several words may be in the process of being analyzed
because of the pipeline architecture.

The first processor is the input and includes an ADC that has 128 bytes of
random access memory (RAM) and 512 bytes of read-only memory (ROM).
The sampling rate of the ADC is 50,000 samples per second. Implemented in
the code are the variable-amplitude threshold, word-boundary determination,
and the data-compression algorithms. About 500 to 1000 parameters per second
are transferred to the next processor for subsequent processing.

Processor 2 has 8 kbyte of RAM and 8 kbyte of ROM. It performs the pat-
tern-detection algorithm and calculates the 18 ratios. The data from Processor
1 is received and buffered while the previous word is being analyzed. This pro-
cessor sends 100 to 200 parameters per second to the subsequent processor.

Processor 3, the system processor, has a standard complement of input-out-
put (I/O) devices, such as keyboard/CRT and disk (diskette). This processor
has 64 kbyte of RAM and will perform the dictionary lookup using a combi-
nation of indexed and hashing search techniques. It will also perform the
response to the verbal request.

30-12 STATUS

As indicated earlier, not all of this system has been constructed. Processors 1
and 2 have been implemented, and the software up through the calculation of
the ratio parameters is operational. The basic operating system kernel is cur-
rently being written.

Because the system implementation is incomplete, it is not now possible to
verify the accuracy of its voice-recognition capabilities. It is certainly likely
that, when completed, the system will not be completely successful initially.
Further experimentation, which could involve modifications to the procedures
described in this chapter, may be necessary. It is even conceivable that the sys-
tem cannot reach its initial goals because of limitations in currently available
microcomputer processing power or fundamental errors in the experiments,
research, or heuristic reasoning upon which the system is based.

Nevertheless, this experimental system represents an investigation that is
possible only because of the emergence of the microprocessor. The problem of
voice recognition has been a topic of research for more than 20 years and a low-
cost, speaker-independent, large-vocabulary system has yet to become commer-
cially practical. Someday professionals will find a microprocessor-based system
which meets the elusive goals and which could be of significant value in
hundreds of practical applications. In the meantime, voice recognition continues
as a fascinating and challenging problem for researchers in this field.




30-24

THE McGRAW-HILL COMPUTER HANDBOOK

Acknowiedgments

I would like to express appreciation to my wife Bonita for her linguistics sup-
port and to Dr. Thomas J. Harrison for his efforts in the preparation of this
section.

References

i.

Dinneen, Francis P.: An Introduction to General Linguistics, Holt, New
York, 1967.

Dixon, N. Rex, and Thomas B. Martin: Automatic Speech and Speaker
Recognition, IEEE Press, New York, 1979.

Rabiner, L. R., and R. W. Schafer: Digital Processing of Speech Signals,
Prentice-Hall, Englewood Cliffs, N.J., 1978.

Harrison, Thomas J.: Handbook of Industrial Control Computers, Wiley-
Interscience, New York, 1972.

Heilman, Arthur W.: Principles and Practices of Teaching Reading, Merrill,
Columbus, Ohio, 1972. :

Peterson, G. E., and H. L. Barney: “Control Methods Used in a Study of
the Vowels,” J. Acoust. Soc. Am., Vol. 24, No. 2, March 1952, pp. 175~
184.



	Voice Recognition.pdf (p.1-2)
	Title.pdf (p.1)
	NPSCN001.pdf (p.1)

	Copyright.pdf (p.2)
	NPSCN001.pdf (p.1)


	NPSCN001.pdf (p.1)
	NPSCN001(1).pdf (p.2)
	NPSCN001(2).pdf (p.3)
	NPSCN001(3).pdf (p.4)
	NPSCN001(4).pdf (p.5)
	NPSCN001(5).pdf (p.6)

