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Abstract

In this paper, a time/frequency, multi-look masking model is proposed to predict the detection and discrimination of
speech-like stimuli in a variety of noise environments. In the first stage of the model, sound is processed through an
auditory front end which includes bandpass filtering, squaring, time windowing, logarithmic compression and additive
internal noise. The result is an internal representation of time/frequency “looks” for each sound stimulus. To detect or
discriminate a signal in noise, the listener combines information across looks using a weighted d’ detection device.
Parameters of the model are fit to previously measured masked thresholds of bandpass noises which vary in bandwidth,
duration, and center frequency (JASA 101 (1997) 2789). The resulting model is successful in predicting masked
thresholds of spectrally shaped noise bursts, glides, and formant transitions of varying durations. The model is also
successful in predicting the discrimination of synthetic plosive CV syllables in a variety of noise environments and vowel

contexts.
© 2002 Elsevier Science B.V. All rights reserved.

1. Introduction

Background noise presents a challenging prob-
lem for a variety of speech and hearing devices
including automatic speech recognition (ASR)
systems, speech coders, and hearing aids. Since
human listeners are extremely adept at perceiving
speech in noise, a better understanding of human
perception may help improve the robustness of
current designs.

* Portions of this paper were presented at Eurospeech 99 and
ARO 2000. This paper is based on parts of Dr. James Hant’s
Ph.D. Disseration, UCLA, 2000.

* Corresponding author. Tel.: +1-310-336-1388.
E-mail address: james.j.hant@aero.org (J.J. Hant).

Traditional masking models (e.g. Fletcher, 1940;
Patterson, 1976) focus on the masking of long
duration, narrowband stimuli by noise. In these
models, the signal and masker are filtered through
an auditory filter that is centered around the sig-
nal’s center frequency. If the filtered signal-to-noise
ratio (SNR) is greater than a certain threshold,
then the signal is heard. To predict the noise
masking of a wide-band, non-stationary signal
such as speech, however, the effects of both signal
duration and bandwidth must be characterized
(over a large frequency and duration range). In
addition, for a model to predict perceptual confu-
sions of speech sounds in noise, it should be able to
predict the results of discrimination as well as de-
tection experiments. To our knowledge, there is no
published work which presents a masking model
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that can predict how such general stimuli are de-
tected or discriminated in noise.

Traditionally, durational effects on masking
have been modeled by placing a temporal integra-
tor at the output of the auditory filter with the
highest SNR (e.g. Hughes, 1946; Plomp and Bou-
man, 1959). To explain the drop in tone thresholds
with duration, the time constant of the temporal
integrator was set between 80 and 300 ms, which is
significantly larger than the temporal resolution of
the auditory system (e.g. Plack and Moore, 1991).
In an attempt to account for this discrepancy,
Viemeister and Wakefield (1991) suggested that
durational effects could be described by a multi-
look mechanism. They propose that, instead of
integrating over a long time window, listeners
consider multiple “looks” at a long-duration signal
and combine information optimally to detect the
signal. The multi-look hypothesis assumes listeners
use a multi-dimensional detection mechanism in
which they store information from each look in an
internal buffer and consider all looks simulta-
neously to detect the signal. For an optimal com-
bination of looks, the total detectability, d’, is the
Euclidean sum of the detectabilities for each look
in time, d; (Green and Swets, 1966),

where d’ is the overall detectability, d’ is the de-
tectability of the ith look in time, and Nt is the
number of time looks.

Eq. (1), however, implies that an optimal com-
bination of information results in a threshold de-
crease of sqrt(2) or 1.5 dB with the doubling of
duration, while tone thresholds decrease by about
3 dB (Plomp and Bouman, 1959). To predict this 3
dB decrease in thresholds, Viemeister and Wake-
field applied a weighting function to their detec-
tion device so that looks at the beginning of a
signal would be weighted less than those at the
end. However, auditory models which include
adaptation (e.g. Zwislocki, 1969; Strope and
Alwan, 1997) and emphasize signal onsets imply
that the detectability of looks at the beginning of
a signal should be greater than those at the end.

Since the multi-look (in time) model only uses
information from one frequency channel, it cannot
predict thresholds for non-stationary signals, such
as glides. Experimental data show that glide
thresholds drop nearly 3 dB with the doubling of
duration (e.g. Nabelek, 1978; Collins and Cullen,
1978), while a single channel, multi-look model
will predict very little change in glide thresholds
across duration. More generally, since the multi-
look (in time) model does not sum information
across filter outputs, it is unable to predict
threshold changes with signal bandwidth.

One model which can describe threshold chan-
ges with bandwidth is the multi-band excitation
pattern model (e.g. Plomp, 1970; Florentine and
Buus, 1981). In this model, the input signal is fil-
tered by an auditory filter bank and statistically
independent Gaussian (internal) noise is assumed
to be present in each frequency channel. Assuming
that information from each filter is combined op-
timally, then (analogous to Eq. (1)) the total de-
tectability of a wide-bandwidth signal, d’, is the
Euclidean sum of the detectabilities of each fre-
quency channel, d,

where d' is the overall detectability, d; is the de-
tectability of the jth channel, and Nf is the number
of frequency channel.

The multi-band excitation model is successful in
predicting intensity jnds for tones and wide-band
noise signals (Florentine and Buus, 1981). The
model, however, predicts threshold drops of 1.5
dB with the doubling of bandwidth, which is less
than the 3 dB observed for the masking of (short-
duration) bandpass noises and tone complexes
(Hant et al., 1997; van den Brink and Houtgast,
1990). Data from both studies also show that the
drop in masked thresholds with increasing band-
width is dependent on signal duration. Specifically,
at short durations (10 ms), intensity thresholds for
bandpass noises and tone complexes are similar
across bandwidth, while at long durations (300
ms), spectrum-level thresholds are similar across
bandwidth. This trend, described by van den Brink
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and Houtgast (1990) as more efficient spectral in-
tegration at short durations, cannot be predicted
by the multi-band excitation model. Durlach et al.
(1986) suggested adding correlated or central noise
to the multi-band model. These modifications,
however, predict a reduced drop in thresholds
across bandwidth and cannot account for de-
creases in spectral integration at long durations.

To perceive speech-like signals which are wide-
band, non-stationary and of varying durations,
listeners may combine information across several
filter outputs at different moments in time. To
describe such a mechanism, a model that combines
aspects of the multi-band excitation and multi-
look (in time) models is proposed. In order to
perceive a signal in background noise, it is as-
sumed that the listener combines information from
multiple looks in both time and frequency using a
d' decision device. Recently, another model using
time/frequency looks has been proposed to predict
the detection and discrimination of Gaussian-
windowed tones with varying amounts of spectral
splatter (van Schijndel et al., 1999). In that model,
it is assumed that listeners sum energy over a
limited number of time/frequency looks when de-
tecting a signal. At 1 kHz, for example, it is as-
sumed that listeners use 50 looks which are 4 ms
long, corresponding to an integration time con-
stant of 200 ms. Although the model works well
for Gaussian-windowed tones which cover a lim-
ited time/frequency region, it cannot be used to
predict the masked threshold of any general wide-
band, non-stationary, variable-duration stimulus.
Such signals may contain more than 50 time/fre-
quency looks, which cover a large frequency (and
duration) range, and it is not clear which looks the
model should consider. In addition, van Schijndel
et al. use separate decision devices to predict de-
tection and discrimination experiments, making
model parameterization difficult and their model
less general.

The model proposed in this paper uses a single
decision device that takes into account all the time/
frequency looks generated by any two stimuli and
can thus be used to predict both masked detection
and discrimination thresholds. For a detection
experiment, for example, the decision device would
compare time/frequency looks for the masker and

signal plus masker stimuli, while for a discrimi-
nation experiment, the decision device would
compare looks corresponding to the two signals
being discriminated.

Parameters of the proposed multi-look model
are fit to previously measured, noise-masked
thresholds of bandpass noise signals which vary in
duration, bandwidth, and center-frequency (Hant
et al., 1997). The resulting model is then used to
predict the masked thresholds of spectrally shaped
noise bursts (such as those found at the release of
plosive consonants), glides, and speech-like for-
mant transitions. Finally, the model is used to
predict the discrimination of synthetic voiced
plosive consonants in both speech-shaped and
perceptually flat noise.

2. Model description

The purpose of the multi-look, time/frequency
masking model is to predict the detection and
discrimination of signals in the presence of a noise
masker; the signals could be wide-band or nar-
rowband, stationary or not, and of any duration.
Toward this end, the basic approach of signal
detection theory is adopted. It is assumed that
listeners develop internal representations for both
stimuli presented. These representations are in the
form of time and frequency looks generated by
processing stimuli through an auditory front end.
To detect or discriminate a signal in noise, subjects
combine information across time/frequency looks.

2.1. Theoretical considerations

To better characterize how information is
combined across time and frequency, a decision
device is developed based on the noise-masked
thresholds of bandpass noises which vary in du-
ration, bandwidth and center frequency. Fig. 1
plots the masked thresholds of bandpass noises
(centered at 1 kHz) as a function of duration with
bandwidth as a parameter. These data were orig-
inally reported in (Hant et al., 1997). At short
durations (10 ms), spectrum-level thresholds drop
nearly 8 dB as the signal bandwidth increases from
1 to 8 critical bands (CBs). This drop is consistent
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Fig. 1. Masked thresholds of 1 kHz bandpass noises in a flat
noise masker. Spectrum-level thresholds (dB/Hz) are plotted as
a function of signal duration with signal bandwidth (in CB) as a
parameter. These data were originally reported in (Hant et al.,
1997).

with an efficient sum of energy (or information)
across frequency. At long durations (300 ms),
however, spectrum-level thresholds are similar
across bandwidth, consistent with a less efficient
summation. Similarly, thresholds for 1 CB noises
drop nearly 14 dB as the duration increases from
10 to 300 ms, while for the 8 CB noises, the drop is
about 6.5 dB. These results are consistent with a
more efficient sum of energy (or information)
across time for narrow-bandwidth signals. Note,
to reduce the effect of spectral splatter, all band-
pass noise stimuli were turned on and off using a
raised-cosine window with a rise/fall time of 1 ms.
Similar trends have been observed for the noise
masking of tone complexes (van den Brink and
Houtgast, 1990).

A simple simulation is conducted to develop a
decision device which can reproduce these trends.
Assume that the bandpass noise stimuli are rep-
resented by a grid of time/frequency looks shown
in Fig. 2. It is assumed that the level of each look is
Gaussian-distributed with means M;; and S;; (for
the masker and signal plus masker, respectively)
and a common variance ¢>. Assuming that the
variance is dominated by internal noise, the stan-
dard deviation, o, is a free parameter and can be
set to fit experimental data.

Under this framework, thresholds can be pre-
dicted using a d’ decision device. Below, model
predictions of the d' decision device are calculated
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Fig. 2. Schematic of the time/frequency looks for the bandpass
noise stimuli.

and compared to the same model with logarithmic
compression and a weighting function added.
Specifically, the total detectability, d’, is a Euclid-
ean sum of the detectabilities for each time/fre-
quency look, d;; (as shown in Eq. (3)).

where

d, = |Si aMif| ’

M;; is the masker level for each ith, jth look, S;; is
the signal plus masker level for each ith, jth look,
and o is the standard deviation for each look.

Predictions for the bandpass noise data are
shown in Fig. 3(a). Although an optimal sum of
information predicts decreases in thresholds with
increasing bandwidth and duration, the magnitude
of the changes are much smaller than that for the
experimental data. In addition, predictions are not
consistent with a decrease in detector efficiency at
the long durations and wide-bandwidths, showing
similar threshold drops across bandwidth at all
durations.

If the decision device is applied after logarith-
mic compression, however, the magnitude of the
threshold drops will increase. Thresholds are again
determined by Eq. (3) except that dj; is calculated
after the masker and signal plus masker energies
have been logarithmically compressed as shown in
Eq. (4). Assuming the variance of each look is
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Fig. 3. Theoretical model predictions for the 1 CB noise data using a d’ decision device. (a) Sum of information across time and
frequency, (b) sum of information after logarithmic compression, (c) sum of information with logarithmic compression and a weighting
function.
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dominated by internal noise which is added after
logarithmic compression, ¢ is a free parameter
(different from that in Eq. (3)) and can be set to fit
the experimental data.

_ |log;(Syy) — logo(My))|

!
d;; = o ’

(4)

where ¢ is the standard deviation for the loga-
rithmic model.

Results are shown in Fig. 3(b). The logarithmic
model is able to predict an increased drop in
thresholds across both duration and bandwidth.
The reason for this increased drop is illustrated in
Fig. 4 which plots d' versus SNR for the 1 CB
noises, with signal duration as a parameter.
Thresholds are determined by the intersections of
the d’ curves with the horizontal line at 0.66 dB
(corresponding to 79% in a two AFC task). For
the linear model, &’ (in dB) increases linearly with
SNR, while for the logarithmic model, d’ values
are compressed at the higher SNRs. This com-
pression results in larger threshold drops across
duration for the log model (13.6 dB) compared to
the linear model (7.4 dB). With nearly a 3 dB drop
in thresholds with the doubling of duration, the
logarithmic model may alleviate the need to apply
different weights to looks in time as proposed by
Viemeister and Wakefield (1991).

Although the log model can predict the mag-
nitude of the threshold drops, it cannot predict a
decrease in detector efficiency at the wide-band-

30 Linear Model

SNR (dB)
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widths and long durations, underestimating the 8
CB thresholds at 100 and 300 ms. To describe a
decrease in detector efficiency, it is assumed that
listeners only “pay attention” to looks whose dif-
ference in means (between the masker and signal
plus masker) is above a certain value, 0. This
mechanism is implemented by adding a weighting
function w to the d’ detection device. This function
applies no weight to looks where the absolute
difference in level (log,,(S;;) — log;,(M;;)) is below
a certain threshold, ensuring that regardless of
signal duration or bandwidth, thresholds do not
drop below a particular spectrum-level SNR.

Nt Nf

d'= [ 22 D wlllogi(Sy) — logi(My)])(d))”

j=1
(5)
where

w(]logy(Sy) — logye (M)
_ { 1 %f |10gy(Si) — logyo(My;)| > 0,
0 if [log(Sy) — logy,(My)| < 0.

With the weighting function added, the model is
able to predict a decrease in spectral integration at
long durations (see Fig. 3(c)). Note that for the
three decision devices shown in Fig. 3, the stan-
dard deviation, g, determines the relative level of

all thresholds while the drop of thresholds across
duration and bandwidth is determined by how the

Log Model

* 300 ms
0 100 ms
¢ 30ms
O 10 ms

SNR (dB)

Fig. 4. d’ versus SNR for the time/frequency decision device. Model predictions for ¢’ are plotted as a function of SNR with signal
duration as a parameter. The horizontal line is at a d’ of 1.16 (0.66 dB) and corresponds to a threshold of 79% correct in a two AFC
procedure. Results are shown for the (a) linear and (b) logarithmic model. The numbers between the dashed lines correspond to

predicted threshold drops between the 10 and 300 ms data.
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difference in level between the signal plus masker
and masker is calculated (and weighted). In the
next section, the weighted d’ detection device will
be parameterized and used to predict the bandpass
noise data at several center frequencies, band-
widths and durations.

2.2. Model overview

To predict masked thresholds, time/frequency
looks are first generated for the masker and signal
plus masker, by processing both stimuli through
an auditory front end. The mean and standard
deviation for each time/frequency look is calcu-
lated for the masker and signal plus masker, over a
range of SNRs. Using the weighted d’ decision
device (described in Eq. (5)), d' is calculated as a
function of SNR. Finally, thresholds are deter-
mined by the SNR at which d’ equals a particular
value.

2.3. Auditory front end

The stages of processing for the auditory front
end are shown in Fig. 5.

The sound stimulus is first filtered through a
bank of auditory filters, whose shapes are deter-
mined from previous masking experiments (Glas-
berg and Moore, 1990). Each filter has a frequency
response, W (g), described by the roex function in
Eq. (6a), and an equivalent rectangular bandwidth
(ERB) which varies with center frequency (cr) as
given by Eq. (6¢). The filter bank contains 30 fil-
ters, with center frequencies ranging from 105 to
7325 Hz and separated by 1 ERB. To save com-
putation time, narrow-bandwidth signals were
processed through a subset of the 30 filters.

W(g) = (1 +pge ™, (6a)
where

3.35¢¢
P=ERB (6b)
and
ERB = 24.7(4.37¢; + 1). (6¢)

For simplicity, filters are assumed to be sym-
metric and level-independent. The filter bank is

Auditory Filter Bank

Sound __
sromn m ...... /\
' '

X2 X2
time time
window window
(5 ms) (5 ms)
v l
logarithmic logarithmic

compression compression

internal i internal i
noise noise @
GOin(/) Ginel/) l

Internal Time/Frequency Representation

Fig. 5. The auditory front end.

implemented by convolving the input signal with a
set of (fourth-order) gammatone filters that have
frequency responses described by Egs. (6a)—(6c)
and phase responses similar to those measured for
the basilar membrane (Patterson et al., 1992). The
gammatone impulse responses are sampled at a
rate of 16 kHz and truncated to a duration of 100
ms.

The output of each filter is then squared and
processed through a temporal integrator every 5
ms. The shape of the temporal window is shown in
Fig. 6. The window has a flat section of 4 ms with a
raised cosine of 1 ms on each side, yielding an
equivalent rectangular duration (ERD) of 5 ms.
Previous studies have used roex-shaped windows
with ERDs between 3.8 and 6.6 ms to predict the
detection of brief, intensity decrements in a wide-
band noise (Plack and Moore, 1991) and the dis-
crimination of sinusoidal signals which change in
frequency continuously from those that change in
a series of discrete steps (Madden, 1994).

In this study, smooth, overlapping windows are
used to reduce the spectral splatter for each time/
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Fig. 6. Shape of the temporal window.

frequency look. This overlap, however, results in
correlations between looks in time. A flat-window
with raised-cosine skirts is used instead of a roex
shape to reduce these correlations. In addition, a
sum of the overlapping windows shown in Fig. 6
applies an equal weighting across the duration of
the stimulus, while a sum of overlapping roex
windows does not.

The output of each temporal window is loga-
rithmically compressed, and independent Gauss-
ian noise is added to each time/frequency look.
Logarithmic compression, consistent with Weber’s
law of incremental loudness, has been used to
predict the intensity discrimination of noise signals
(e.g. Green, 1960; Raab and Goldberg, 1975). The
internal noise is a first-order approximation of the
stochastic nature of neural encoding in the audi-
tory system. The variance of this noise (a7, is al-
lowed to vary with center frequency, but not with
duration or bandwidth.

2.4. Model statistics

In order to use the d’ detection device described
in Eq. (5), each time/frequency look must be
Gaussian-distributed and statistically independent
from the other looks. To assess the validity of
these assumptions, 500 flat-noise samples were
processed through the model and their statistics
were measured. Fig. 7(a) plots the distribution for
a single time/frequency look (corresponding to the
output of the filter centered at 1 kHz) with no
internal noise added. Despite several levels of
processing by the model, some of which are
non-linear, the distribution for a single look is
reasonably approximated by a Gaussian. The stan-
dard deviation for each time/frequency look (due

to external noise) ranges from 4.5 dB at 100 Hz to
1.5 dB at 7500 Hz.

To quantify the correlation between looks, each
2D, time/frequency matrix (X) generated by the
noise samples is column ordered into a vector (x).
An example of this column ordering is shown in

Eq. (7).

time looks
>

a,  ap ay

a a a
x =| 22 2N frequency

looks
Ay Ao Ay
(7)
T _

X —[all...aMl ajpp...ayn alN...aMN].

Correlation functions for a single time/fre-
quency look centered at 1 kHz are shown in Fig.
7(b). The width of the central peak represents
correlations between looks in frequency, while the
two side peaks show correlations between looks in
time. The only significant correlations are for
looks which are directly adjacent in frequency and
time, resulting from time and frequency windows
which are slightly overlapping. However, if inde-
pendent internal noise is added to each look (as
shown in Fig. 7(c)), correlations between looks
become nearly negligible.

2.5. Decision device
Assuming that time/frequency looks are

Gaussian and statistically independent, the internal
representation for any stimulus can be represented
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Fig. 7. Model statistics using flat noise as input. (a) Distribution for a single time/frequency look at the output of the filter centered at 1
kHz. (b,c) Correlation functions for a single time/frequency look both without and with added Gaussian internal noise (¢ = 12 dB),

respectively.

by a matrix of means and variances; i.e. (um;;, am,.zj
and (usy;, as?j) for the masker and signal plus
masker, respectively. Note that means and vari-
ances are calculated after logarithmic compression
and the variance for each look is a sum of the
variances due to external and internal noise. By
using a common variance for both the masker and
signal plus masker, the detection device described

by Eq. (5) can be implemented as follows:

Nt Nf

&=\ 2 2 il = ) @)’ ®)

=1 j=1

where

d/ _ |:usij - Aumij|

ij
US%,‘FO'WI%/.
2

and

_ 1 f sy — pmy| > 0()),
wj(lpsiy — pmyj|) = {0 if sy — pmy| < 0(j).

Here, the common variance used for each time/
frequency look is approximated by the average of
the variances for the masker and signal plus mas-
ker. Assuming that the variances for the masker
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and signal plus masker are dominated by internal
noise (which is the same for both), this approxi-
mation is fairly accurate. Recall that the weighting
function, w;, and parameter 0(j), are allowed to
vary with the frequency of the look, j.

Using Eq. (8), masked thresholds can be pre-
dicted for any wide-band, non-stationary stimulus.
A schematic of the prediction method is shown in
Fig. 8. To predict thresholds, 100 examples of the
masker and signal plus masker stimuli are first
processed through the auditory front end at dif-
ferent SNRs. Note that the SNR is simply defined
as the total signal power divided by the total noise
power. From the 100 examples, means (um;; and
us;;) and standard deviations (om; and os;;) are
calculated for each time/frequency look. Using
these values, the ¢’ at each SNR is calculated using
Eq. (8). Finally, the SNR at which d’ equals 1.16
(corresponding to 79% correct for a two AFC
procedure), is defined to be the threshold.

3. Model fit to bandpass noise data
3.1. Parameter fit

There are two free parameters in the model: the
standard deviation of the internal noise, gy (j),

and a weighting parameter, 0(j). Both parameters
are allowed to vary with center frequency (but not
with duration or bandwidth). Specifically, gy (j)
determines the absolute level of all thresholds at a
particular center frequency, while 0(j) determines
the SNR at which thresholds no longer decrease.
The drop in thresholds with increasing bandwidth
and duration is described by an increase in the
number of time/frequency looks that subjects can
use for detection.

Using the method outlined in Fig. 8, masked
thresholds were predicted for bandpass noises of
varying center frequency (0.4, 1.0, 2.0, 3.0 and 4.0
kHz), duration (10, 30, 100 and 300 ms) and
bandwidth (1, 2, 4 and 8 CBs). These thresholds
were originally reported in (Hant et al., 1997). At
each center frequency, j, parameters 0(j) and
omt(j) were adjusted in an iterative procedure to
minimize the mean-squared error between the
model predictions and 16 data points (4
bandwidths x 4 durations). Parameter estimates,
as a function of center frequency, were then fit to
sigmoidal-shaped curves.

Fig. 9 plots the best fit parameters oy, (f) and
0(f), as a function of ERB number, f, along with
the sigmoidal fits.

The equations for the sigmoidal fits are

2

1 (1 —exp(f —21.80))
2 (1 +exp(f — 21.80)) )

o (f) = 16.62 + 7,gg< 1

+

©)

1
O_int(f) =381 + 2.39 < — 5

L(1—exp ('%%“)))7 (10)

2 (1 e (F5))

14.0

where f'is the ERB number.

Note that the sigmoidal curves were fit after
oine(f) and 6(f) had been determined at each
center frequency, and were meant to interpolate
parameters so that the model could be used to
predict thresholds for signals over a continuous
frequency range.

Notice the sharp drop in internal noise, g, (f),
for ERBs numbered 18-25. This decrease is needed
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Fig. 9. Best fit parameters ag;,, 6 corresponding to bandpass noises with center frequencies of 0.4, 1, 2, 3, 4 kHz (9.4, 15.6, 21.2, 24.5,
27.1 ERB) are plotted as a function of ERB number and denoted by circles. Sigmoidal fits to these parameters are shown by the solid

lines.

to predict the drop in spectrum-level thresholds for
frequencies higher than 1 kHz. Interestingly, this
decrease in oy, occurs around the frequencies
where phase locking (and thus the coding of fine-
time information) becomes less prominent (Kiang
et al., 1965). Such a decrease is physiologically
plausible, if one assumes the amount of internal
noise for coding signal energy is inversely related
to the proportion of fibers that are coding rate, as
opposed to fine-time information. At frequencies
below 2 kHz, where phase locking in thought to be
strongest, a fraction of the fibers may be delegated
to coding temporal information and thus, one
would expect a larger internal noise for coding rate
(or energy) information. At frequencies above 3
kHz, where phase locking is thought to be weaker,
a majority of fibers will be coding rate (or energy)
information and one would expect less internal
noise. The values for o;,(f) fall within the range
used by Farar et al. (1987) to predict the discrim-
ination of synthetic plosive bursts in background
noise (21.7 dB at 10 ms to 3.6 dB at 300 ms).
Fig. 9 also shows a slight decrease in the
threshold parameter, 6(f), with increasing center
frequency. This drop is needed to describe a slight
decrease in the wide-bandwidth, long-duration
thresholds at the higher center frequencies.

3.2. Results and discussion
Fig. 10 shows the experimental data and model

predictions at each center frequency. Spectrum-
level thresholds are plotted versus duration, with

signal bandwidth as a parameter. Model predic-
tions are shown by the solid lines.

The model successfully predicts a decrease in
thresholds with increasing signal duration and
bandwidth, even though model parameters do
not vary across either dimension. In addition, the
model successfully predicts smaller threshold drops
across duration at the wide-bandwidths, and
smaller threshold drops across bandwidth at the
long durations. Mean-squared errors for model
predictions are between 0.322 and 0.493 dB.

The model, however, underpredicts the decrease
in thresholds between 10 and 30 ms, especially at
the higher center frequencies. These threshold
drops, which range from 6-9 dB, are larger than
those predicted by either a multi-look (Viemeister
and Wakefield, 1991) or an integration model
(Plomp and Bouman, 1959). Instead, it appears
that the bandpass noise thresholds at 30 ms may
be the result of a mechanism which is not solely
based on the signal’s energy. Perhaps, as was
suggested in (Hant et al., 1997), signal transients
play a role. More experiments are necessary to
quantify such a mechanism.

Previous models of temporal and spectral inte-
gration are unable to predict all the trends in the
data. A multi-band excitation pattern model, for
example, which uses frequency channels that have
been processed through a temporal integrator (e.g.
Durlach et al.,, 1986), can successfully predict
drops in thresholds with increasing duration and
bandwidth. However, at all durations, the model
predicts threshold drops of 1.5 dB per doubling of
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The standard deviations across subjects are expressed by the error bars. Model predictions are shown by the solid lines.

bandwidth, inconsistent with the data. Similar er-
rors will occur if duration-dependent internal noise
is added to each frequency channel (Farar et al.,
1987).

Hant et al. (1997) described the bandpass noise
data in terms of a traditional filter-SNR model in
which the “effective” bandwidth of each filter was
duration dependent. If filters are broad at short

durations, then subjects will sum signal energies
over a wide frequency region and intensity
thresholds will be similar across bandwidth. If fil-
ters are narrow at long durations and the filter
with the highest SNR is used to detect the signal,
then spectrum-level thresholds will be similar
across bandwidth. van den Brink and Houtgast
(1990) found similar bandwidth and durational
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effects for the masking of tone complexes and
parameterized the data in terms of an increase in
spectral integration at short durations and in
temporal integration at narrow bandwidths. In the
current approach, these bandwidth and durational
trends are the result of an evolving statistical es-
timate of the signal, using time/frequency looks.

The advantage of the current time/frequency
model is that the duration (or bandwidth) of the
signal does not have to be known a priori in order
to predict masking thresholds. Durational and
bandwidth effects are accounted for implicitly in
the model. In addition, since the model uses in-
formation from multiple filter outputs, at varying
moments in time, it can be used to predict the
masked threshold of wide-band and non-station-
ary stimuli of varying durations.

4. Model predictions of masked thresholds for tone
glides and formant transitions

4.1. Stimuli and experimental procedure

With parameters fit to the bandpass noise data,
the model was then used to predict the masking of
non-stationary stimuli. Masking experiments were
first conducted using rising and falling tone glides
and formant transitions which varied in final fre-
quency, frequency extent, and duration. A sche-
matic of these stimuli is shown in Fig. 11.

|« duration —»

initial frequency
(falling glide)

— final frequency

Frequency

initial frequency
(rising glide)

»
>

Time

Fig. 11. Schematic of the glide and formant-transition stimuli.
Three final frequencies (500, 1500 and 3500 Hz) and three du-
rations (10, 30 and 100 ms) were tested. Frequency extents were
based on the ERB frequency scale (Glasberg and Moore, 1990)
and defined as the initial frequency minus the final frequency.

Table 1
Initial and final frequencies for the glide and formant-transition
stimuli

Final fre- -3 -1.5 0 1.5 3 ERB
quency ERB ERB ERB ERB (Hz)
(Hz) (Hz) (Hz) (Hz) (Hz)

500 299 399 500 628 778
1500 1023 1242 1500 1803 2159
3500 - 2944 3500 4153 -

Three final frequencies (500, 1500 and 3500 Hz)
and three durations (10, 30 and 100 ms) were tes-
ted. Frequency extents were based on the ERB
frequency scale (Glasberg and Moore, 1990) and
defined as the initial frequency minus the final
frequency. At final frequencies of 500 and 1500
Hz, frequency extents of (—3, —1.5, 0, 1.5, 3) ERBs
were tested, while at 3500 Hz, frequency extents of
(—1.5, 0, 1.5) ERBs were tested. Table 1 shows the
initial and final frequencies of all stimuli. Rates of
frequency change range from 0 to 65.9 Hz/ms. To
reduce the effect of spectral splatter, signals were
turned on and off using a raised-cosine window
with a rise/fall time of 1 ms.

Single formant transitions were generated in
MATLAB using the overlap-and-add method. An
impulse train, with an FO of 100 Hz, was fil-
tered with second-order resonators that had center
frequencies (and bandwidths) corresponding to a
specific portion of the formant trajectory. These
time-slices were added together using overlapping
raised-cosine windows with rise/fall times of 2 ms.
The 500 and 3500 Hz formant trajectories had
approximate bandwidths of 60 Hz (0.76 ERB) and
200 Hz (0.5 ERB), respectively. The 1500 Hz
stimuli had an approximate bandwidth of 186.6 Hz
(1 ERB).

The masker used in the experiments was per-
ceptually flat noise, with a level of 56 dB per ERB
(total level of 71.2 dB SPL). Fig. 12 shows the
spectrum for this masker. The masker duration
was 750 ms and all signals were centered in time
with respect to the masker.

Four subjects (two males, two females) with
normal hearing participated in the experiments.
Subjects ranged in age from 19 to 27 years.
Stimuli were presented diotically to listeners in a
sound attenuating room via Telephonics TDH49P
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Fig. 12. Spectrum for the perceptually flat noise masker.

headphones. Computer software generated the
test tokens as 16 bit/16 kHz digital numbers. An
Ariel ProPort 656 board performed digital-to-
analog conversion. The resulting analog wave-
forms were amplified using the pre-amp of a Sony
59ES DAT recorder, which was connected to the
headphones. The entire system was calibrated
within 4+/—0.5 dB before each experiment using a
Larson Davis 800B Sound Level Meter.

Masked thresholds were determined using an
adaptive 21, two AFC paradigm with no feedback
(Levitt, 1971). Three correct responses determined
a successful sub-trial while one incorrect re-
sponse determined an incorrect sub-trial. Thresh-
olds, therefore, are defined to be the 79% correct
points. Step sizes were initially set to 4 dB, then
reduced to 2 dB after the first reversal, and finally
to 1 dB after the third reversal. From a total of 9
reversals, the average of the last 6 determined the
threshold for each trial. The mean of two trials
determined the final threshold. Subjects were
trained for 2 h before beginning the experiments.
No training effects were apparent in the final data.
Threshold predictions were generated using the
method outlined in Fig. 8.

4.2. Results and model predictions

Experimental results and model predictions are
shown in Fig. 13. On the left side of the figure,
glide thresholds are plotted as a function of fre-
quency extent with signal duration as a parameter.
The corresponding formant thresholds are plotted
on the right side of the figure. Thresholds are

averaged across four subjects with standard devi-
ations represented by the error bars. Model pre-
dictions are shown by the solid lines.

4.2.1. Experimental results

Experimental results show an interesting trend:
over the range of frequency extents and durations
tested, thresholds are only dependent on the du-
ration of the stimulus, and not the frequency ex-
tent. At frequencies of 500 and 1500 Hz, the
threshold drop between 10 and 100 ms is close to
the 10 dB predicted by an (efficient) integration of
signal energy across duration. At 3500 Hz, this
threshold drop is slightly smaller, a trend which is
consistent with the masking of tones in noise
(Plomp and Bouman, 1959) and can be predicted
by a decrease in the integration time constant at
the higher frequencies.

The current data, however, are not consistent
with those of Collins and Cullen (1978) which
showed thresholds for 200-700 Hz and 1200-1700
Hz glides to be 4 dB greater than for corre-
sponding (steady) tones. They also found that
between durations of 10 and 35 ms, rising glides
were more easily detectable than falling glides, but
later showed that this asymmetry is only signifi-
cant for rates of frequency change >96 Hz/ms
(Cullen and Collins, 1982). Nabelek (1978) re-
ported similar trends, but only at large frequency
extents (>750 Hz) and short durations (<50 ms).
For frequency extents of 200 Hz, Nabelek mea-
sured similar thresholds for both glides and tones,
which is consistent with the current data. The
reason for the discrepancy between the Collins and
Cullen (1978) study and the current one is not
clear, but may be partially due to the method for
estimating thresholds (Alternate Forced Choice
in the current study versus Method of Adjustment
in the previous studies).

At final frequencies of 500 and 3500 Hz and a
duration of 100 ms, formant thresholds are about
1 dB larger than for the corresponding glide
thresholds. At 1500 Hz, this difference is greater,
approaching 2-3 dB. The small differences be-
tween glide and formant thresholds may be at-
tributed to differences in bandwidth. The spread of
excitation for formant transitions will be larger
than for the corresponding glides, which may re-
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Fig. 13. Masked thresholds and model predictions for glides and single formant transitions. On the left side of the figure, thresholds
for glides with varying final frequency (0.5, 1.5, 3.5 kHz) are plotted as a function of frequency extent (in ERB) with signal duration as
a parameter. The corresponding formant thresholds are plotted on the right side of the figure. Thresholds are averaged across four
subjects with standard deviations represented by the error bars. Model predictions are shown by the solid lines.

sult in a smaller filter-SNR. If energy is not sum-
med efficiently across filter outputs (which is the
case for the 100-ms stimuli) this will result in
slightly larger thresholds. The larger differences
between glide and formant thresholds seen for the
1500 Hz data may be the result of differences in the
fine-time temporal structure between these two
signals, resulting from the fact that formants are
modulated by the fundamental frequency while the
tone glides are not. Fine-time temporal cues, which
may be more prominent for the glides than for the
corresponding formant transitions, could result in
a higher detectability for the glides at lower SNRs.

4.2.2. Model predictions

As shown in Fig. 13, the multi-look, time/fre-
quency detection model, with parameters fit to
previous bandpass noise data, is successful in
capturing the general trends in the current data,
predicting thresholds which are independent of
frequency extent and decrease by about 9 dB be-
tween durations of 10 and 100 ms. The model is
also successful in predicting smaller thresholds
with increasing frequency.

However, threshold predictions for the 1500
Hz, 100-ms glides are about 1-3 dB higher than
the experimental data. The reason for this error is
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not clear. The model is successful in predicting
formant thresholds in the same frequency region.
Perhaps, subjects are using fine-time temporal cues
to detect glides at 1500 Hz, which are not present
in the formant transitions. There is also a slight
underestimation of thresholds for the 10-ms glides
and formants at 500 Hz. Fig. 10 shows a similar
error for the 1 CB, 10 ms bandpass noise data at
400 Hz.

Recent discrimination experiments using FM
stimuli suggest that short duration, non-stationary
signals, such as formant transitions, may be coded
by a place-rate mechanism (Moore and Sek, 1998;
Madden and Fire, 1996; Sek and Moore, 1995).
The place-rate mechanism assumes auditory sig-
nals are coded by the total rate (or energy) of
neural firing at the output of a particular auditory
filter or “place” along the basilar membrane. The
fine temporal details of each filter output are not
considered. The success of the time/frequency de-
tection model in predicting the masking of glides
and formant transitions, is further support for the
place-rate mechanism. With the exception of the
100-ms, 1500 Hz glides, masking thresholds can be
predicted by a model which is purely based on the
signal’s distribution of energy across frequency
and time.

5. Model predictions of masking thresholds for
synthetic plosive bursts

The multi-look model was also used to predict
previously measured, masked thresholds of syn-
thetic plosive bursts at four durations (10, 30, 100
and 300 ms) (Hant et al., 1997). The spectra of
these bursts are shown in Fig. 14.

Note, to reduce the effect of spectral splatter,
the burst stimuli were turned on and off using a
raised-cosine window with a rise/fall time of 1 ms.
Both the front and back /k/ burst have compact
spectral peaks, while the /p/ and /t/ bursts have
broader spectral peaks concentrated at the low and
high frequencies, respectively. Fig. 15 plots the
masked thresholds and model fits for these stimuli
as a function of signal duration. Masked thresh-
olds, averaged across three subjects, are denoted
by the circles, with error bars representing the

standard deviations across subjects. Model pre-
dictions are shown by the solid lines.

The model predicts thresholds well, with a
maximum error of around 2 dB. The model suc-
cessfully predicts the large durational dependence
of burst thresholds for back /k/ and the smaller
changes in threshold for /p/ and /t/. These dura-
tional dependencies are expected. Since the burst
for a back /k/ has a relatively narrow spectral peak,
its threshold response is similar to the narrow-
bandwidth noises, showing a large drop across
duration. The /t/ and /p/ bursts, on the other hand,
have wider spectral peaks, and thus have similar
thresholds to the wide-bandwidth noises, showing
smaller drops across duration (see Fig. 10).

At 10 ms, which is about the duration of a
naturally spoken burst, threshold predictions are
65-67 dB for /k/, about 70 dB for /p/, and 62 dB
for /t/. These predictions can be explained by the
parameter fits shown in Fig. 9. Since the /t/ burst
has most of its energy concentrated at the high
frequencies, it will be subject to a lower internal
noise and will thus have a lower threshold than the
/p/ burst, which has most of its energy concen-
trated at the lower frequencies.

The model’s success at 30 ms is somewhat sur-
prising. Model fits to the bandpass noise data (see
Fig. 10) show that the model has difficulty pre-
dicting the “kink” in bandpass noise thresholds at
30 ms. These kinks, however, do not appear in the
burst thresholds. Instead, it appears that the
mechanisms responsible for the drop in bandpass
noise thresholds between 10 and 30 ms, do not
play an important role in the masking of plosive
bursts.

The model, however, slightly overestimates the
back /k/ thresholds at 100 and 300 ms and un-
derestimates the front /k/ thresholds at 10 and 30
ms. These errors are similar to those seen for the 1
CB bandpass noise thresholds between center fre-
quencies of 1 and 3 kHz (see Fig. 10). The errors in
predicting the /k/ burst thresholds may also be due
to the fact that the spectral peaks of these stimuli
occur in a frequency region where the internal
noise, oj,, changes most drastically (see Fig. 9).
Any slight errors in the estimation of parameters
in this region could have a large effect on threshold
predictions.
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Fig. 14. DFT spectra for synthetic plosive bursts (Hant et al., 1997).

6. Model predictions of the discrimination of syn-
thetic CVs in noise

In Sections 4 and 5 the multi-look model was
successful in predicting the noise-masked thresh-
olds of the two main acoustic cues for identifying
plosive consonants, namely bursts and formant
transitions. In this section the model is used to
predict the discrimination of synthetic plosive CV
syllables in three vowel contexts (/a/, /i/ and /u/)
and in two types of noise maskers (perceptually
flat and speech shaped).

In background noise, subjects were presented
with two reference CV stimuli and one test CV
stimulus in random order. Subjects were then
forced to decide whether the test stimulus occurred
first, second, or third. Experiments were conducted
for CVs both with and without the burst cue.
Schematized spectrograms of the /Ca/ stimuli (with
no burst) used in one such experiment are shown

in Fig. 16. By calculating ¢’ using time/frequency
looks for the two CV syllables being discriminated,
the model described in Section 2 could be ex-
panded to predict the results of the discrimination
experiments.

6.1. Synthesis of the experimental stimuli

The 4-formant transitions were synthesized in
MATLAB by the overlap and add method. An
impulse train (with an FO of 100 Hz) was first fil-
tered with four second-order resonators in cascade
that had center frequencies (and bandwidths)
corresponding to a specific portion of the (F1
through F4) formant trajectory. These time-slices
were then added together by using overlapping
raised-cosine windows with rise—fall times of 2 ms.
Each window overlapped by 1 ms. For the /a/ and
/u/ contexts, the bandwidths for the four resona-
tors were 60, 90, 150 and 200 Hz, corresponding to
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Fig. 16. Schematized spectrogram for the /ba,ga/ discrimination experiment (time axis is not drawn to scale).

typical bandwidths for F1, F2, F3 and F4, re- synthesis resulted in time-varying amplitudes for
spectively (Klatt, 1980). For the /i/ context, each formant.
bandwidths for F1 through F4 were 60, 150, 200 The initial and final frequencies of the formant

and 300 Hz, respectively. Note that the cascade transitions are shown in Tables 2-4. For the /a/
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Table 2
Initial and final formant frequencies for synthetic plosive CVs
in the /a/ context (in Hz)

Table 5
Relative overall level of the synthetic plosive burst with respect
to vowel onset

Fl F2 F3 F4 /al (dB) fi/ (dB) fu/ (dB)
/b/ onset 500 950 2400 3400 b/ -20 -15 -20
/d/ onset 500 1500 2700 3400 1d/ -20 -15 -20
/g/ onset 500 1650 1850 3400 Iel -5 -5 -5
Vowel (final) 730 1100 2400 3400

Table 3
Initial and final formant frequencies for synthetic plosive CVs
in the /i/ context (in Hz)

F1 F2 F3 F4
/bl onset 180 1600 2400 3200
/d/ onset 180 2000 2800 3900
/gl onset 180 2500 2900 3400
Vowel (final) 330 2200 3000 3600

Table 4
Initial and final formant frequencies for synthetic plosive CVs
in the /u/ context (in Hz)

F1 F2 F3 F4
/bl onset 180 1300 2000 3500
/d/ onset 180 1900 2700 3500
/g/ onset 180 1700 1800 4000

Vowel (final) 300 1600-1000 2250 3500

and /u/ vowel contexts, the onset and final fre-
quencies for each formant were based on naturally
spoken utterances while for the /i/ context, the
values were based on those from (Blumstein and
Stevens, 1980). These frequencies were then fine-
tuned so that without the burst cue, each of the
CVs could be easily identified.

CVs with a burst were generated by adding a
10-ms noise burst to the beginning of the 4-for-
mant transitions. The duration of the burst was
based on measurements of natural stimuli and
previous studies using synthetic stimuli (Blumstein
and Stevens, 1980). The gap between the offset of
the burst and onset of the vowel was 5 ms. For /d/
and front and back /g/, the spectral shapes of the
bursts were identical to those used in the burst-
masking experiments (see Fig. 14). For /b/, the
burst was generated by filtering the /b/ burst,

shown in Fig. 14, with a low-pass, second-order
Butterworth filter with a cutoff frequency of 1600
Hz. This was done to improve the naturalness of
the /bV/ stimuli.

Table 5 shows the relative levels of the bursts
with respect to the vowel onset, for each plosive
and vowel context. These levels were based on
both naturally recorded utterances and simulation
results from speech production models (Stevens,
1998).

6.2. Maskers

Masked discrimination thresholds were mea-
sured in two types of maskers, perceptually flat
and speech-shaped noise. The spectrum of the
perceptually flat noise was shown in Fig. 12 and
the spectrum of the speech-shaped noise is shown
in Fig. 17.

Each masker had a duration of 3.1 s and a level
of 66.2 dB SPL, which for the perceptually flat
noise, corresponds to 51 dB/ERB. The CVs were
separated by 700 ms, with 400 ms of noise before
the onset of the first CV and after the offset of the
third CV.
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Fig. 17. Spectrum of the speech-shaped noise.
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6.3. Subjects and experimental protocol

Four subjects with normal hearing participated
in the experiments. Each was trained for at least 3
h, before beginning the experiments. An adaptive
three AFC paradigm with no feedback was used
to determine the threshold 79% correct, which
corresponds to a d of 1.62 (Green and Swets,
1966).

Masked discrimination thresholds were mea-
sured for the discrimination of /b/ and /d/, /b/ and
/gl/, and /d/ and /g/, for the three vowel contexts
and two noise conditions. Two trials were con-
ducted for each CV pair, in which the reference CV
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was switched. Final thresholds were averaged
across both trials (using a dB scale).

6.4. Results

Results are shown in Fig. 18. Masked discrim-
ination thresholds are plotted for each vowel
context as a function of the plosive-consonant pair
being discriminated. Results for the CVs with and
without a burst are shown on the right and left
sides of the dashed line, respectively. Thresholds
for the perceptually flat and speech-shaped noise
masker are denoted by the circles and asterisks,
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Fig. 18. Thresholds for discriminating synthetic plosive-consonant CVs in both perceptually flat and speech-shaped noise. Thresholds
are plotted for each vowel context as a function of the plosive-consonant pair being discriminated. Results for CVs with and without a
burst are shown on the right and left sides of the dashed line, respectively. Thresholds for the perceptually flat and speech-shaped noise
masker are denoted by the circles and asterisks, respectively, while model predictions are shown by the solid lines.
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respectively, while model predictions are shown by
the solid lines.

Across all vowel contexts and plosive conso-
nants, there is a 5-10 dB decrease in masked dis-
crimination thresholds between the perceptually
flat and speech-shaped noise conditions. This
suggests that subjects may be taking advantage of
high-frequency cues to detect plosives in noise.
Perceptually flat noise masks all frequency regions
equally (on an ERB scale) and will thus greatly
affect the high-frequency cues. Speech-shaped
noise only significantly masks the low-frequency
regions of the consonants, leaving the high-fre-
quency cues relatively uncorrupted.

Other variations in masked discrimination
thresholds are largely dependent on the noise
masker, vowel context, and plosive consonant. For
the /a/ context and a perceptually flat noise mas-
ker, for example, thresholds for discriminating
/d,g/ are largest, while for the /i/ context, thresh-
olds for discriminating /b,d/ are the largest. In all
contexts, the smallest thresholds are for the /b,g/
discrimination.

Most of these asymmetries suggest that CVs
with similar formant transitions will be more easily
confused in noise. In the /a/ context, for example,
the formant trajectories for /d/ and /g/ only sig-
nificantly differ by their F3 onset frequency (23.7
ERB for /da/ versus 20.5 ERB for /ga/). Since the
amplitude of F3 (relative to F1) is small and the F2
trajectories for /d/ and /g/ are similar, the dis-
crimination of these two consonants is more likely
to be confused at the higher SNRs, especially in
perceptually flat noise. In the /i/ context, /b/ and /d/
both have rising F2 and F3 transitions, whose
onset frequencies differ by 1.8 and 1.3 ERB, re-
spectively. These similar trajectories are likely to
be confused at higher SNRs, resulting in elevated
discrimination thresholds.

Results also show similar thresholds for the
burst and no-burst conditions. The only consid-
erable drop in thresholds occurs for discriminating
/du/ and /gu/. Smaller drops occur for /da/ and
/gal, /di/ and /gi/, and /bu/ and /gu/. These drops
are somewhat expected, since the /g/ burst has the
highest relative level compared to the vowel onset,
and is thus, more likely to be audible at the lower
SNRs.

For most of the CVs tested, it appears the dis-
crimination of synthetic plosives in noise is domi-
nated by the formant transition cue. This is
expected considering that most of the burst cues
will be masked at an SNR which is higher than the
CV’s discrimination threshold. Recall from Fig. 15
that the masked thresholds of plosive bursts in
perceptually flat noise are between —7 and 0 dB
SNR. Discrimination thresholds for plosive CVs
are between —3 and 4 dB (Fig. 18). Since the rel-
ative levels of the /b/, /d/ and /g/ bursts with respect
to the vowel onset are —20, —15 and —5 dB, typ-
ically only the /g/ burst will be heard at the SNR
where the CV is being confused.

6.5. Model predictions

Masked discrimination thresholds were deter-
mined using the detection device described in Eq.
(8). However, instead of computing the detectabil-
ity d’ between the masker and signal plus masker, d’
was computed between the two signals (plus mas-
ker) being discriminated.

Remarkably, the detection model is able to
predict most of these trends. Fig. 18 only shows
considerable errors for the discrimination of /bi/
and /di/. The model’s overestimation of these
thresholds may be due to its coarse frequency
sampling, since the /bi/ and /di/ syllables only differ
slightly in their F2 and F3 onset frequencies.

These errors could also be due to a discrimi-
nation mechanism not accounted for by the de-
tection model. Recall that the model assumes that
the discrimination of speech in noise is simply a
comparison between two templates of time/fre-
quency looks. To distinguish speech stimuli
such as /bi/ and /di/, which have similar time/
frequency profiles, subjects may be utilizing other
discrimination cues not accounted for in the
model, such as the fine-time structure of both
stimuli.

For the discrimination of /bu/ and /gu/ and /du/
and /gu/, the model overpredicts the drop in
thresholds with the addition of the burst. Recall
that the model assumes an optimal combination of
the burst and transition cues for discriminating
plosives in noise. The data, however, suggest that
for discriminating /bu/ and /gu/ and /du/ and /gu/,
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perhaps subjects are unable to combine both cues
optimally.

7. Summary and conclusion

In this paper, a multi-look, time/frequency
masking model is proposed to predict the detection
and discrimination of speech-like stimuli in noise.
Time/frequency looks are generated by process-
ing stimuli through an auditory front end which
includes bandpass filtering, squaring, time win-
dowing, logarithmic compression, and additive
internal noise (with a variance of ¢2,). The model
uses a weighted d’ detection device which calcu-
lates a Euclidean sum of the detectabilities for the
time/frequency looks whose difference in means
(between the signal and non-signal stimuli) is
greater than a threshold, 0.

Parameters o, and 0 are fit to previously
measured noise-masked thresholds of bandpass
noises (Hant et al., 1997). The resulting model is
able to reproduce basic trends in the perceptual
data, showing an increase in spectral integration at
the short durations and an increase in temporal
integration at the narrow bandwidths. The model,
however, underpredicts the drop in thresholds
between 10 and 30 ms, a result that may be due to
perceptual mechanisms sensitive to signal tran-
sients.

With parameters fit to the bandpass noise data,
the detection model is then used to predict the
masking of glides, speech-like formant transitions,
and plosive bursts. With the exception of the 100
ms, 1500 Hz glides, the model successfully predicts
the perceptual data. Finally, the model is used to
predict the discrimination of synthetic plosive CV
syllables in both perceptually flat and speech-
shaped noise. With the exception of the /bi,di/
discrimination and the burst condition in the /u/
context, the model is able to predict the discrimi-
nation data.

The success of the model in predicting such a
wide range of stimuli suggests that the perception
of wide-band, non-stationary signals in noise (for
the bandwidths, durations, and frequency extents
tested) is probably dominated by a place-rate
mechanism. Whether the signal has a coherent

temporal structure (i.e. glides, formant transitions,
and CVs with no burst) or a more random tem-
poral pattern (i.e. bandpass noises and plosive
bursts), detection and discrimination thresholds
can be predicted by a decision device that is based
on the signal’s energy across time/frequency looks.
In future work, this assertion will be tested further
by conducting other experiments with speech-like
stimuli.
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