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Abstract

The spectro-temporal coding of Danish consonants was investigated using an
information-theoretic approach. Listeners were asked to identify eleven different
consonants spoken in a CV[1] syllable context (where C refers to the initial consonant, V
refers to one of three vowels, [, a, u], and [1] refers to the syllable-final liquid segment).
Each syllable was processed so that only a portion of the original audio spectrum was
present. Narrow (three-quarter octave) bands of speech, with center frequencies of 750
Hz, 1500 Hz and 3000 Hz, were presented individually and in combination with each
other. The modulation spectrum of each band was low-pass filtered at 24, 12, 6 and 3 Hz.
Confusion matrices of the consonant-identification data were computed, and from these
the amount of information transmitted for each of three phonetic feature dimensions
— voicing, manner and place of articulation — was calculated for each condition.
This form of analysis provides a simple means of determining whether information
associated with each phonetic feature dimension combines linearly across the audio
spectrum, and, if not, delineates a method for characterizing the (non-linear) nature of
information integration. In addition, the analysis provides a means to associate specific
portions of the modulation spectrum with phonetic feature properties. Such analyses
indicate that:

1) Accurate, robust decoding of place-of-articulation information requires
broadband cross-spectral integration

2 Place-of-articulation information is associated most closely with the modulation
spectrum above 6 Hz, with the most significant contribution coming from the
region above 12 Hz.

3) Place-of-articulation information is crucial for accurate consonant recognition.
Hence, consonant decoding requires cross-spectral integration of the modulation
spectrum above 8 Hz.

(@) Voicing is mainly associated with the modulation spectrum between 3 and 6 Hz
(with a smaller contribution made by the region above 12 Hz).

®) Manner of articulation is most closely associated with the portion of the
modulation spectrum above 12 Hz.

This form of information-theoretic analysis can be used to delineate those parts of the
speech signal of greatest importance for encoding phonetic features associated with
intelligibility and speech understanding.

Introduction and Overview

Despite decades of research, the acoustic cues important for consonant identification
are not well understood. Traditionally, consonants have been described primarily in
spectral terms. The distribution of energy across the acoustic frequency axis has long
been considered the primary determinant of a segment’s consonantal identity (e.g., [12]).
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In contrast, the consonant’s temporal properties are often ignored. However, a variety
of studies indicate that low-frequency modulations play a crucial role (e.g., [5] [7] [8]
[9]). Modulations below 16 Hz are considered particularly important for understanding
speech [5]. Frequencies above 16 Hz may also contribute important information under
certain conditions [2][7][11]. Currently lacking is a detailed understanding of how
modulation information is combined across the acoustic frequency spectrum, as well
as a delineation of how spectral and temporal cues interact in decoding the speech
signal.

This study investigates the spectro-temporal cues associated with identification of
Danish consonants through systematic filtering of the modulation spectrum at different
parts of the audio frequency spectrum. Because of speech’s inherent redundancy, much
of the signal’s audio frequency content was discarded in order to compel listeners to
focus on restricted regions of the spectrum. The modulation pattern associated with
each spectral region was systematically modified (low-pass filtered) and the results
of this manipulation evaluated in terms of consonant identification and the amount of
information transmitted in terms of each segment’s constituent phonetic features.

Decomposing consonants into their constituent phonetic features is important
for understanding the auditory mechanisms used to decode speech. The phonetic
dimensions of voicing (e.g., differentiating the consonants, [p, t, k] from [b, d, g]),
articulatory manner (e.g., distinguishing [b] from [m]) and place of articulation (e.g.,
distinguishing [p] from [t] and [k]) can be used to quantitatively assess the contribution
of each spectral and modulation region to consonant identification. This is done by
computing confusion matrices and calculating the amount of information transmitted
for each phonetic feature dimension under a wide range of spectro-temporal conditions.
Because a range of spectral regions is represented in the signal conditions presented,
it is possible to ascertain the contribution of each part of the spectrum to consonant
identification when presented individually and in combination with other spectral
regions. Such information can ultimately be used to enhance the design of future-
generation hearing aids.

Experimental Stimuli

Stimuli were Danish monosyllabic words and nonsense syllables originally recorded
at Aalborg University [4]. Each test word was preceded by a short carrier phrase “Pa
pladsen mellem hytten og...” The subject‘s task was to identify the initial consonant of
each test token. The stimuli contained one of eleven initial consonants, [p, t, k, b, d, g,
m, n, f, s, v], followed by one of three vowels, [i, a, u].

1 We use the term voicing because it is conventionally used for distinguishing the English stop
consonants. The term “aspiration” is the conventional phonetic term for the Danish counterparts. The naming has
no bearing on the results.
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Each token concluded with the liquid segment [1] (e.g., “talle,” “tulle,” “tille”). The
material was spoken by two talkers (one male, one female). The speech signals were
recorded with ahigh-quality microphone inasound-insulated environment; their original
sampling rate was 20 kHz, at which the signal processing was performed. Subsequently
the speech signals were up-sampled to 44.1 kHz for stimulus presentation.

Signal Processing

Each test token was processed in the following manner. The acoustic frequency
spectrum was partitioned into three separate channels (“slits”), each three-quarters of
an octave wide (and were computed using a 256-point FFT and a sampling rate of 44.1
kHz). The lowest slit was centered at 750 Hz, the middle slit at 1500 Hz and the highest
slit at 3000 Hz. Each slit was presented either in isolation or in combination with one
or two other slits.

Each slit was low-pass modulation filtered using software developed by Les Atlas and
colleagues, known as the “Modulation Toolbox™ [3]. The low-pass cutoff frequency of
modulation filtering ranged between 24 Hz and 3 Hz in the following steps: 24 Hz, 12
Hz, 6 Hz, 3 Hz. These parameters span much of the range of low-frequency modulation
information typically encountered in spoken material. Only a single slit was modulation
filtered for any given stimulus. In one set of conditions, each slit was presented in its
original (i.e., no modulation filtering) form. The carrier phrase was always presented in
its original (i.e., unfiltered) form.

Subjects

Six individuals (5 male, 1 female) between the ages of 22 and 28 participated in the
study. All reported normal hearing and no history of audiological pathology. Subjects
were compensated for their time.

Stimulus Presentation

Experimental stimuli were presented diotically over Sennheiser HD-580 headphones

at a sound pressure level of 65 dB SPL to subjects seated in a double-walled sound

booth. After each stimulus presentation, the subject selected one of eleven consonants

displayed on a computer monitor. No feedback regarding consonant identification

accuracy was provided.

The stimulus conditions were:

1. Slits presented individually — 750 Hz, 1500 Hz, 3000 Hz

2. Slits presented in combination with others — 750 + 3000 Hz, 750 + 1500 Hz, 1500 +
3000 Hz, 750 + 1500 + 3000 Hz

3. Low-pass modulation filtering — < 24 Hz, < 12 Hz, < 6 Hz, < 3 Hz, no modulation
filtering (as a control)

4. Unfiltered (in either audio frequency or modulation; i. e., the original unprocessed
syllables)
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Stimuli in each condition were presented three times (for each talker). Altogether, there
were 2244 stimulus presentations for each subject. Total testing time per listener was
approximately six hours (including brief breaks every 20 minutes or so) administered
over a period of two or three separate days.
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Figure 1: Consonant identification accuracy (in terms of percent correct) for each
experimental condition (average of six subjects). The original (unprocessed) syllables
were correctly identified 98.8% of the time.
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Data Analysis

The data were analyzed in several different ways. Accuracy of consonant identification
was computed for all conditions (Figure 1), both in terms of average and individual
performance. Because individual subject variability was relatively small, only average
data are reported in this study.

In addition, consonant identification was scored in terms of how well consonantal
phonetic properties — voicing, manner and place of articulation — were recognized. When
a consonant is correctly identified, its constituent phonetic features are (by definition)
also accurately decoded. However, when a consonant is incorrectly identified, it is rare
that all of its constituent phonetic features are also inaccurately decoded. Usually, one
or two of the features is correctly recognized. This can be deduced from perceptual
confusion matrices (see Table I).

Information Transmission Analysis — A Primer

Consonant perception is normally studied in terms of accuracy for individual segments.
Because consonants are systematically related to each other (in terms of phonetic
features), scoring only in terms of the proportion of consonants correct may obscure
patterns associated with auditory mechanisms pertaining to cross-spectral integration
and modulation analysis. Confusion matrices of consonantal identification error patterns
provide a straightforward means of delineating how much information associated with
constituent features is transmitted.

RESPONSE

p t k b d g s f v n m

P 19 13 1 0 0 0 0 3 0 0 0

S t 1 32 2 0 1 0 0 0 0 0 0
T k 1 8 27 0 0 0 0 0 0 0 0
I b 0 0 0 25 10 0 0 0 0 0 1
M d 0 0 0 2 34 0 0 0 0 0 0
u g 0 0 1 5 7 22 0 0 1 0 0
L s 0 0 0 0 0 0 32 4 0 0 0
u £ 0 1 0 0 1 0 23 10 1 0 0
S v 0 0 0 0 0 1 0 0 27 1 7
n 0 0 0 0 0 0 0 0 1 32 3

m 0 0 0 0 0 0 0 0 8 4 24

Table I: Average confusion matrix for the 750 + 3000 Hz condition (without modulation
filtering), where consonant recognition performance is 72% correct.
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A representative confusion matrix (associated with the condition “Two bands, No
modulation filtering” in Figure 1) is shown in Table I. Rows in this matrix represent the
consonants presented (“Stimulus”), while columns represent the subjects’ responses.
If a consonant were always identified correctly the score in that segment’s cell would
be “36.” In the matrix shown, no consonant is identified perfectly. One consonant,
[d], is identified correctly 34 times. However, there are 19 instances when a different
consonant is also identified as [d]. In order to compute the “true” amount of information
associated with each segment, a bias-neutral metric (such as d'used in signal detection
theory) is required. Because we are interested in computing the information associated
with constituent phonetic features associated with each consonant, we use information
transmission (as defined by Miller and Nicely [10]) as the recognition metric.

In order to compute the amount of information transmitted, the eleven consonants
of the recognition set are partitioned into three (overlapping) groups on the basis of
the phonetic properties of voicing, articulatory manner and place of articulation, as
illustrated in Table II. Voicing refers to the presence (or absence) of glottal vibration.
Manner refers to the mode of articulatory production (stop, nasal, fricative) and
place of articulatory refers to the locus of articulatory constriction (anterior, medial,
posterior). Voicing is a binary distinction, while manner and place engender three class
distinctions.

VOICING MANNER PLACE

8 B 4 Q@ Q0 X O

H P 2 O O R KR L O O O
NN R 2 2O O O O O O
O R OO B NRKFRONH O

Table II: Phonetic features for the 11 consonants used in the current study. Voicing is a
binary feature dimension, while Manner and Place are ternary feature dimensions.
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Confusion matrices for each phonetic-feature dimension can be derived from the
original confusion matrix by summing the results for each feature group. In essence,
each phonetic-feature dimension is treated as an independent information channel. For
example, the consonant confusion matrix illustrated in Table I can be decomposed into
three separate feature confusion matrices, as shown in Table III.

RESPONSE
BIACE Anterior Medial Posterior
Anterior 125 53
Medial 11 131
Posterior 7 15 50
S Place = 77.3% correct
T
I MANNER Stop Fricative Nasal
M Stop 211 4 1
U Fricative 3 97 8
L Nasal 0 9 63
U Manner = 93.7% correct
S
VOICING Voiced Unvoiced
Voiced 215 1
Unvoiced 3 77
Voicing = 99.0% correct

Table IlI: Phonetic-feature confusion matrices for the same data shown in Table I. Note
the disparity in feature recognition performance.

Although a consonant may be identified incorrectly, there may be information
pertaining to its constituent properties correctly decoded. Information about voicing is
generally decoded accurately even when the consonant is poorly recognized (Figure 2).
Information pertaining to manner of articulation is often correctly decoded when the
consonant is incorrectly identified (Figure 2). Place of articulation is usually incorrectly
decoded when a consonant is not correctly recognized (Figure 2). For a consonant to
be accurately identified, voicing, manner and place information must all be correctly
decoded. What these analyses demonstrate is that consonant identification depends
largely on identifying the place-of-articulation dimension correctly.
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Figure 2: Consonantidentification accuracy as a function of phonetic feature classification
for the same conditions and listeners depicted in Figure 1. The correlation coefficient
(R?) is shown for each.

In order to compute the amount of information associated with a particular feature
and stimulus condition it is necessary to calculate the co-variance between a specific
stimulus and response category (this is done to neutralize the effect of response bias). The
information associated with Voicing, Manner and Place is computed using equation (1):

pipj

(M

)

I(c)=- p,log
i,]

where T{c) refers to the number of bits per feature transmitted across channel c, P; is the
probability of feature, i, co-occuring with response j, p, is the probability of feature, i,
occurring and p; is the probability of response j occurring. The amount of information
transmitted in the example above is 0.91 bits for voicing, 1.09 bits for manner and 0.60
bits for place.
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Information Transmission of Phonetic Features

When the data are plotted in terms of information transmitted, interesting patterns
emerge (Figure 3). Information combines differently across the audio spectrum for
each phonetic-feature dimension. Manner combines relatively linearly; the information
associated with two slits is approximately double that of one, while three slits provide
nearly three times the information (for the conditions where no slit is modulation
filtered). Voicing combines linearly for two slits, but no further information is gained
with the addition of a third slit (i.e., saturation). Place of articulation combines
synergistically (two or three slits are much better than one). Figure 4 examines cross-
spectral integration in greater detail.

When individual slits are low-pass modulation filtered, there is a progressive decline
in the amount of information transmitted for each feature. The pattern is different
when two or three slits are presented concurrently. For three slits (where only a
single slit is low-pass modulation filtered) there is relatively little degradation of
information transmitted. For voicing, there is no degradation whatever, consistent with
the observation that voicing information requires only two slits to reach a maximum
level. Manner-of-articulation information degrades slightly with low-pass modulation
filtering, while place information degrades somewhat more.

10
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Figure 3: Amount of information transmitted for each phonetic feature (and for all

”»

features together — “Total”) as a function of spectral slit and low-pass modulation

filtering condition. Data points reflect averages from six listeners.
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The association of phonetic feature coding and the modulation spectrum is most clearly
delineated in the two-slit conditions. There is a progressive decline in place information
transmitted with low-pass filtering of the modulation spectrum, particularly above 6
Hz. Manner-of-articulation information is most affected by low-pass filtering the
modulation spectrum for frequencies of 12 Hz and above. Voicing exhibits relatively
little degradation, except between 3 and 6 Hz for the 3000-Hz slit, and above 12 Hz for
the 750-Hz slit. Neither manner nor voicing information decline nearly as much as place-
of-articulation information as a function of low-pass modulation filtering, suggesting
that consonant recognition largely depends on place-of-articulation information (see
Figure 2 for additional evidence).

Spectral Integration of Information

Cross-spectral integration is of particular significance for speech robustness (Figure 4).
The ability to understand spoken material in a wide variety of acoustic conditions is of
paramount importance in shaping the structure and function of language.

__ObservediT__
Total Linear Summation IT

Information Summation Manner

Voicing

0.75+1.5+3 kHz Stimulus Condition

<24
"":':’e‘;':":‘f":; Conditions marked in gray were low-pass modulation filtered

Cutoff (Hz)

Figure 4: Information summation across the audio spectrum. Linear summation is
indicated by values close to 1. Values substantially greater than 1 (as observed for most
place-of-articulation conditions) are consistent with cross-spectral synergy (and an
expansive non-linearity). Values substantially less than one reflect saturation (observed
for many of the other phonetic feature conditions).

12
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Place of articulation is the phonetic feature that most depends on cross-spectral
integration. Under virtually all stimulus conditions, there is substantially greater than
linear summation across slits. Moreover, the amount of information transmitted within
any single slit is relatively small (substantially less than either manner or voicing). In
other words, place information requires a broad span of speech to be decoded accurately.
Place of articulation is also the feature most closely associated with the ability to
accurately decode consonantal identity (Figure 2). From such data, we conclude that:

) Accurate, robust decoding of place-of-articulation information requires
broadband cross-spectral integration

(@) Place of articulation information is associated most closely with the modulation
spectrum above 6 Hz with the most significant contribution coming from the
region above 12 Hz.

3) Place of articulation information is crucial for accurate consonant recognition.
Hence, consonant decoding requires cross-spectral integration of the modulation
spectrum above 6 Hz.

(€] Voicing is mainly associated with the modulation spectrum between 3 and 6 Hz
(with a smaller contribution made by region above 12 Hz).

®) Manner of articulation is most closely associated with the modulation spectrum
above 12 Hz.

Thus, there is both an acoustic and a perceptual basis for distinguishing among phonetic
features associated with the relevant regions of the modulation spectrum and cross-
spectral integration of such information.

Conclusions and Significance

Speech is highly redundant. Conventional methods of estimating the contribution made
by different parts of the audio spectrum [1] and the modulation spectrum [9] fail to
dissociate these two dimensions. Nor do they examine the specific contribution made
by cross-spectral integration to speech decoding in a quantitative way.

The current study provides a systematic means by which to measure the contribution
of each portion of the audio spectrum and modulation spectrum to human speech
processing, both in isolation and in combination with each other (as well as with other
sources of information, e.g., visual, speech-reading cues) [6] [7].

Such methods could also be used to model the speech decoding process for application
to future-generation hearing aid design as well as other speech-based technologies.

13
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