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A Model of Dynamic Auditory Perception and
Its Application to Robust Word Recognition

Brian Strope and Abeer AlwarMember, IEEE

Abstract—This paper describes two mechanisms that aug- recognition robustness and to design efficient mechanisms
ment the common automatic speech recognition (ASR) front end which reproduce that functionality.
and provide adaptation and isolation of local spectral peaks. A This paper focuses on two aspects of audition not included

dynamic model consisting of a linear filterbank with a novel . . . . e
additive logarithmic adaptation stage after each filter output is In current representations: short-term adaptatlon and sensitivity

proposed. An extensive series of perceptual forward masking t0 the frequency position of local spectral peaks. For each, a
experiments, together with previously reported forward masking mechanism with low computational complexity is described,
data, determine the model's dynamic parameters. Once parame- which adds to the common front end and provides a represen-
terized, the simple exponential dynamic mechanism predicts the (o401 that is more robust to background noise. The dynamic
nature of forward masking data from several studies across wide . . . . .
ranging frequencies, input levels, and probe delay times. An Mechanism is parameterized by psychophysical data described
initial evaluation of the dynamic model together with a local peak here and in the literature [4]. The peak isolation mechanism is a
isolation mechanism as a front end for dynamic time warp (DTW) simple modification of a previous cepstral liftering technique
and hidden Markov model (HMM) word recognition systems [5]. Emphasizing dynamic local peaks is shown to be more
shows an improvement in robustness to ba_cl_<ground noise w_hen robust than emphasizing either dynamics or local peaks.
compared to Mel-frequency cepstral coefficients (MFCC), lin- . - . oy

ear prediction cepstral coefficients (LPCC), and relative spectra 10 incorporate a dynamic mechanism within a front end, a
(RASTA) based front ends. method of quantifying auditory adaptation must first be iden-
tified. There is considerable physiological and psychophysical
evidence of dynamic audition. Short-term adaptation, usu-
ally defined as a decreasing response after the onset of a
constant stimulus, has been measured in individual auditory

. INTRODUCTION nerve firings [6]. The neural response to a stimulus is also

OST MODERN automatic speech recognition (ASRjeduced during the recovery period following adaptation to a
systems model speech as a nonstationary stochafti®r stimulus [7]. Here the general teradaptationis used
process by statistically characterizing a sequence of spectgil both dynamic processes (short-term adaptation and post-
estimations [1]. The common technique for spectral estimati@glaptation recovery), and its direction is explicitly specified
includes an approximation of auditory filtering, a compressiwhen significant.Attack refers to the decreasing response

nonlinearity (usually the logarithm), and decorrelation of thégllowing stimulus onset, whilerelease and recovery both
spectral estimation through an approximate Karhunegwvko refer to the increasing response following stimulus offset.
(KL) transform (the discrete cosine transform). These stefotility of outer hair cells, the likely source of an active
represent rough approximations of the most fundamental gechlear response, also adapts with time constants which
pects of auditory processing: frequency selectivity and magmay be significant when quantifying short-term adaptation
tude compression. In the last five to ten years, the frequerl®§. Finally, neural responses to onsets and abrupt spectral
selectivity for ASR front-ends has migrated from a linear to éhanges are substantial [9], providing a physiological substrate
perceptually based frequency scale [2]. This progress, towd@d the sensitivity of human speech perception to onsets and
a better auditory model for ASR, has improved robustness [8lynamic spectral cues [10]. Although recognition systems
A large discrepancy remains between current auditory mdgpically statistically characterize the evolution of relatively
els and the approximations used in ASR front ends. Recetatic spectral segments, the auditory system responds most
efforts to incorporate more sophisticated auditory models wigirongly to dynamic segments. This response strength is a
ASR systems, however, have shown little to no improvement®nsequence of adaptation. What remains is to quantify the
typically at a severe increase in computational costs [3]. Théaptation, and to design a mechanism that reproduces it.
challenges are to determine what auditory functionality miss-The task is similar to observing evidence of frequency
ing from the current front end would be useful for improvingselectivity and requiring a specification (critical bandwidths)
and a mechanism for its realization (a filterbank). Following
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Fig. 1. Forward-masking stimuli. (a) Large time-scale view of a single 2AFC trial. (b) Fourier transform of the probe signal (128 ms rectangwigr windo
(c) Smaller time-scale view of the probe following the masker by 15 ms.

filters used in the common ASR front end are first-order Il. FORWARD MASKING

approximations of auditory frequency selectivity, the simple £qyard masking reveals that over short durations the usable
dynamic mechanism provides a first-order approximation gfnamic range of the auditory system is relatively small, and
audltory adaptathn. The strategy is to pa_rameterlze S'mﬁ’cjﬁgely dependent on the intensity and spectral characteristics
dy”"’?m'c mechanisms fr_om _forward maskl_ng thresholds g previous stimuli. A probe following a masker is less audible
provide a better approximation of the auditory response {0, 3 probe following silence. As the duration between the

dynamic stimuli. _ masker and probe decreases, the probe threshold is increas-
~ Dynamic auditory models [12]-[16] are often physiologi,q\ a function of the intensity of the preceding masker,
ically based computational models that characterize only;@y gecreasingly a function of the absolute probe threshold in
relatively low level of the complete auditory system, OLjjence. Forward masking can be viewed as a consequence of
resort to some speculf':mon elther_about higher level processi@yitory adaptation. After adaptation to the masker, recovery
and/or about appropriate dynamic parameters. Because thgsg is necessary before the relatively less intense probe
systems usually require processing time-domain signals {Q{comes audible. The amount of forward masking is also a
each auditory filter (ofter~ 100 filters) at the full sampling fynction of the duration of the masker, reflecting the time
rate, they imply a large computational burden, making thepaquired for the auditory system to adapt completely to the
difficult to use in engineering applications [3]. Also, successnasker. Forward masking, therefore, provides an opportunity
fully separating and quantifying measurable functionality (e.4e measure the rate and magnitude of effective auditory
frequency selectivity, or short-term adaptation), which may Q@japtation and recovery.

distributed across several related physiological processes, iso build the dynamic model, data describisinusoidal

not a simple task. Some researchers [17], [18] propose nofhward masking were desirable. The most complete data of
computationally efficient techniques, targeted at automatigire-tone forward masking experiments is from [19]. Although
speech recognition, which emphasize spectral dynamics Wjil9] includes a wide range of frequencies and masker levels,
varying perceptual accuracy and recognition improvementie longest probe delay measured is 40 ms, short of the
The approach here differs from most detailed physiologicaliration necessary for complete adaptation. To obtain recovery
models in that it “closes the loop” with observations of topparameters, a set of pure-tone forward-masking experiments
level functionality. Because the relatively simple model dhat included probe delays from 15 to 120 ms across wide
frequency selectivity followed by additive adaptation is conanging frequencies and masker levels was performed. Short-
sistent with underlying physiological processes, the resultiniglay pure-tone forward-masking data, from [4], as a function
quantified nonlinear model provides useful approximations of masker duration, were used to quantify attack parame-
the perception of (nonstationary) speech. ters.
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Fig. 2. Average forward masking data (circles), and standard deviation (error bars), together with the model fit (lines) as a function of masker level
across five octaves, with probe delay of 15, 30, 60, and 120 ms as parameter.

A. Experiments cosine. Probe-delay times are specified between the peaks of

The forward-masking experiments used long-tone maskdf envelopes of the masker offset and probe onset.
followed by short tonelike probes of the same frequency'” forward masking, it is often difficult to determine what
and phase. The masker was long enough to ensure compfat Subjects are using, or when the subject detects the probe.
short enough to measure the response of the auditory syst8f masker in the nonprobe interval decay with the same 20

at a relatively specific time. A two alternative forced choic&S time constant, and both end at the same time relative to
(ZAFC) experimenta| paradigm was used. the masker onset. With this arrangement, detecting the prObe

1) Stimuli: Fig. 1 shows an example of the stimuli. Aonset was a sufficient cue to determine the probe interval, but
decaying 60 ms probe tone followed one of two 300 nfetecting a decaying sinusoid (the tail of the probe) was not.
maskers, which were separated by 500 ms (in Fig. 1(a) thebjects were not given feedback.
probe follows the second masker). The subjects chose whichfo reduce the spectral splatter of transitions, the entire
masker the probe followed. Masker and probe frequencigémulus was filtered through a linear-phase, finite impulse
ranged from 250-4000 Hz in octave intervals, probe delaggsponse (FIR) filter, with a bandwidth of one critical band
were 15, 30, 60, and 120 ms, and masker levels spanij2dl]. In the Fig. 1 example, the frequency is 1 kHz [Fig.
roughly 50 dB with three points. All signals were ramped(b)], the delay from masker to probe is 15 ms [Fig. 1(c)], and
on and off in 5 ms with the appropriate half period of a raise@ineasured at the envelope peak) the probe is 8 dB less intense
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1000 Hz Amount of Masking (avg) 1000 Hz Dynamic Range Below Masker (avg) C. MOdE|ing |mp|i0a1'i0n8

©0120 The amount of forward masking (in dB) decays as a straight
line as a function of the logarithm of the probe delay (first
described in [20]). A straight line with respect to logarithmic
probe delay can be approximated by an exponential with re-
40 spect to linear probe delay. This suggests additive exponential

\ adaptation in decibels.

e pm o 120 - = o . Fig. 3(a) p]ots the threshold increa;e as a function of probe

Probe Delay log msec Masker Level dB SPL delay, and Fig. 3(b) shows the effective dynamic range below
@) (b) masker, defined as the difference between the masker and

Fig. 3. Average forward masking data at 1 kHz: (a) as a function of the IcPrObe threshold levels, as a function of masker Ievgl. Fig. 3(a)
delay with contours for constant masker levels and (b) as the dynamic rarf%’éOWS that the rate of decay of the forward masking (shown
below masker as a function of the masker level with contours for constaph a log time scale) increases with an increasing amount of
probe delays. The dotted line reflects the probe threshold in quiet. masking. These data may suggest different adaptation rates for

different masker intensities, or complexity beyond a simple

than the masker. The stimulus is shown after the critical bagdponential adaptation of dB level. Such complexity is not
filter. necessary. The adapting mechanism derived below has a

2) Subjects: Five subjects, including the first author, pargreater initial distance to target after a more intense masker
ticipated in the experiments. All were native speakers offset. Exponential processes decay more quickly over the
American English. One subject was female, and the oth&@&me amount of time when the output is further from the
were male. Their ages ranged from 23 to 28 years. Hearifigal static target. Therefore, a simple exponential dynamic
thresholds for each were at or below 20 dB HL at frequencig3chanism can predict a faster rate of decay of forward
used in this study. masking with more intense maskers.

3) Methods: For each condition, the level of the probe was Fig. 3(b) shows that even at short delays the dynamic range
adaptively varied to find its threshold. An adaptive “trangPelow masker depends on the level of the masker. At short
formed up-down” procedure [22] determined the 79% corregglays there is little to no time for adaptation. Without time for
point, defined as the threshold for the 2AFC task. The initi@daptation, the static characteristics of the dynamic mechanism
adaptation step size of 4 dB was reduced to 2 dB anddgtermine the forward masking threshold.
dB after the first and third reversals. The initial probe was
clearly audible. The experiment continued for nine reversaldl. FROM EXPERIMENTAL RESULTS TOMODEL PARAMETERS

The prpbe levels at the last six reversals were averaged tq ihe perceptual model, a dynamic adaptation stage follows
determine the threshold. Thresholds were averaged acrossdhg, qutput of a linear filterbank. At every time sample, each
five subjects to obtain the values used for parameterizing thg,niation stage slowly adjusts an internal offset to move its

model. . o output incrementally closer to an input/output (I/O) target,
4) Equipment and Calibration:Computer software gen- specified on a log/log scale.
erated the appropriate digital stimuli before each trial. the gynamic adaptation stages are referred to as automatic
The sampling rate was 16 kHz, and the quantization Wasi, control (AGC). However, it is significant that the AGC is
16-b Imegr. An Ariel Pro Port 656 converted the digit mplemented as an adaptiagditiveoffset to the log energy of
samples into an analog waveform, and the preamp ofyd, gignal, and not as an adapting multiplicative gain. There
Sony S9ES DAT recorder drove TDH-49P earphones. Tesls, o |east two points that appear to require additive, and
were performed in a double-walled sound-isolated chamb@gy mtiplicative, adaptation. First, the measured incremental
Stimuli were presented binaurally with identical waveformge g response to a second onset after partial adaptation to a
to each ear. The system was calibrated by measuring §jg; js not proportional to an adapted amount of multiplicative
response to digitally synthesized sine waves using a fsin [6]. Second, AGC that adjusts a multiplicative gain
cc coupler and a Larson-Davis 800B Sound Level IVleteg?roportional to the linear distance to the /O target does not

Preamp levels and digital internal level offsets were set Q. jict a higher rate of decay of forward masking for greater
place an 80 dB SPL (sound pressure level) 1 kHz tong,, nts of masking.

within 0.2 dB. A linear-phase FIR equalization filter was
adjusted until pure tones from 125-7500 Hz measured withAn AGC: 1/0 Curves. Attack. and Release Times
0.5 dB. ' ' ' '
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Time constants describing the rate of adaptation for the
dynamic mechanisms are defined here as the time required
B. Results for the logarithmic distance to target to reduce by a factor of

Fig. 2 summarizes the average threshold increase (circlegy. Different time constants are used for attack (decreasing
across the five subjects as a function of masker level witlifset), and release (increasing offset). Over short durations,
probe delay as a parameter. The solid lines in Fig. 2 indicatee AGC stage has little time to adapt, and is therefore nearly
the model’s fit to the forward masking data. The derivation dihear. /0O graphs do not include a time axis, so to discuss
the model is described in the following sections. the temporal evolution of the system, we describe trajectories



STROPE AND ALWAN: MODEL OF DYNAMIC AUDITORY PERCEPTION 455

40
+¢ Linear
20 :
“Internal”’
Level © 7
dB :
-20 :
-40 :
-60 /,/ :
- : . Input
-10 10 30 50 70 90 dB SPL
(@)
Instantaneous Transition
40 40

Slow Transition
20

Int.

dB o

20 SIowJ’ransmon

-40 -
,"’ Instantaneous Transition - [~
60| -60
Linear ,-~ Linear
. Input . Input
10 10 30 50 70 90 dBSPL -10 10 30 50 70 90 dBSPL

(b) ©)

Fig. 4. (a) Prototypical I/0 curve for a single channel in the dynamic model. Schematic output trajectories corresponding to a level changéfetetiree di
rates for (b) decreasing inputs from 80 to 30 dB SPL, and (c) increasing inputs from 30 to 80 dB SPL.

that characterize the motion of the instantaneous I/O point e output trajectory follows the 1/O curve more closely.

the 1/O graph. When the input changes abruptly, the outplihe model predicts forward masking when output trajectories
initially tracks the input, moving in nearly a 48ine. Over momentarily fall below the internal threshold, as in Fig. 4(b).

long durations with static inputs, the output asymptotically

approaches the 1/0 target. B. Derivation of Model Parameters

Fig. 4(a) shows a prototypical I/O curve for a single channel , . S .
in the dynamic model. At low levels, the /O function is The model’s forward-masking prediction is derived from

tfze response of the dynamic mechanism to forward-masking

nearly linear, over normal levels it is compressive, and gimuli.When the output of the adapting (dynamic) mechanism

extremely high levels it is again linear. The general Sha‘?sejust at threshold during the onset of the probe, the model

of the prototypical I/O curve was motivated by the saturatirggrediCtS a forward-masking threshold.

response of the basilar membrane [23]. For each adapta %o simplify the model and this derivation, a constant 1/O

stage, a fixed internal threshold, corresponding to the stagigpe is imposed across the compressive region. Fig. 5 de-

audibility threshold, is imposed at the compression threShoL‘_{:ribes the geometries necessary to measure the model’s

Similarly, the compression region ends, and the model agayps gjction of the forward-masking threshold with long maskers
becomes linear, at a high level of equal loudness (near 90 4B 5 function of masker level and probe delay. Before the
SPL), which varies with the center frequency of the adaptatigRasker offset, the output trajectory reaches the target on the
stage. By carefully choosing the threshold and I/O curve fgfo curve (point A in Fig. 5). As the masker shuts off abruptly,
each adaptation stage, the AGC sections map a specified st@féCoutput trajectory instantly falls along the diagonal (from A
input range as a function of center-frequency into a normalizgsiB). Once the trajectory is below the compressive region, the
internal level consistent with constant loudness contours. distance to target is constant, and the model adapts by slowly
Fig. 4(b) and (c) schematically show the response of thecreasing toward maximum additive offset (from B toward
model to decreasing and increasing inputs, respectively. Whej At some point during this adaptation (point C), the onset
the input changes abruptly, the trajectory on the 1/O cunegf the probe causes an abrupt transition from below threshold
moves along a 45 angle, and then slowly settles to theback up along a new diagonal (from C to D). If the probe
target on the I/O curve. When the input changes slowligvel is intense enough to place the trajectory above threshold
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Fig. 6. Geometry to derive attack (downward adaptation) parameters from

. . . forward-masking thresholds as a function of masker duration.
(at the instant of the probe onset) the probe is audible. ff g

the internal level just reaches threshold, the model predicts a

forward masking threshold (at point D). onset, the output trajectory translates diagonally upward (from
Incremental adaptation of the model is implemented usingfato B) and then slowly drops toward the I/O target as the
(nonconstant coefficient) first-order difference equation leaghodel adapts (from B to C to D). If the duration of the masker
ing to an exponential decay of the logarithmic distance 6 short relative to the downward time constant, the trajectory
target. From the geometry in Fig. 5, probe level at thresholdll not reach the 1/O target by the time of the abrupt masker
P as a function of masker levéll, discrete-time probe delay offset (point C). In response to the masker offset, the output
n, 1/0O slopem, and incremental adaptatian is trajectory corresponding to the short masker moves diagonally
n (from point C), crossing the internal threshold at a lower point

P=M(1-ma than the trajectory corresponding to the longer masker (from

where P and M are both referenced to the static threshold0int D). After brief recovery during a short probe delay, the
Instantaneously, or with no deldy. ~ 0), the model predicts model predicts less forward masking from the short-duration
a short-term dynamic range below maskef — %) equal to masker.

the vertical distance between the static 1/0 curve and threshold0llowing incomplete downward adaptation (or attack), and
as a function of the attack parameterdiscrete-time masker

M—Py=M-M(1-m)=Mm. durationnd and probe delay.u, the model predicts a probe
Therefore, the data points at the shortest delay [Fig. 3(65]re‘°’h°|d of
provide an approximation for the 1/O slope parameter P=M(1-m)(1-0b"Ha™.

An iterative procedure was used to minimize the total mean

squared error (MSE) between the model predictions of tf&e probe threshold differencey P, between short and long

probe thresholds and the average forward masking data fapsker durations is

all data points at each center frequency, as a_functio_n of the AP = M(1 — m)b"a™.

two model parameters: and a. The total MSE is relatively

insensitive to the 1/O slopeyn, compared to the adaptation This probe threshold difference equation was solved for the

parametera. Therefore, the initial estimate of: from the model parameteb, and then its value was estimated from

short-delay conditions was averaged with the value that mitiie differences reported in [4], using the anda parameters

imizes total MSE, to determine a final estimate. A second derived above. Table | summarizes the model parameters and

MSE minimization as a function of only determined the adaptation time constants across frequencies. dhand b

final « estimate. terms are with respect to a 100 Hz spectral sampling rate.
Just as forward-masking data as a function of probe delagaptation stages with center frequencies between measured

are used to characterize recovery, the change of forwagrdints use a weighted average of neighboring parameters.

masking with the duration of the masker is used to characterigtack time constants are approximately three to four times

attack. Short-duration maskers reduce the time for downwashorter than release time constants. These times, and more

adaptation, which decreases the amount of adaptation, ancdacurately their ratio, approximate those derived from physi-

turn, reduces the time to recovery. Geometries necessarylogical data [13].

derive attack (downward adaptation) parameters are describeéig. 7 shows the model’'s prediction of the decay of masking

in Fig. 6. Before the onset of the masker, the model reachets1 kHz. Note that the decay rate of forward masking is

the static threshold (at point A in Fig. 6). At the abrupt maskereater with more intense maskers, and that the decay is nearly
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Fig. 8. Adaptation to, and recovery after, a pulse. (a) Response to the second pulse is diminished. (b) Impulses, corresponding to onsetlg, are initial
masked (similar to figures in [13]).

linear with logarithmic time. Fig. 8 shows two examples of the Fig. 2, includes the model’s fit to the average forward-
model’s behavior at 1 kHz. Fig. 8(a) shows the response nmasking data. The computational model approximates
two consecutive pulses. The model adapts in response to fitnevard-masking data for a wide range of masker levels
onset of the first pulse, and the response to the onset of & probe delays across several frequencies. The standard
second pulse “rides on top of” the recovery from adaptatiodeviation of the error is: 2.7, 2.9, 3.2, 3.1, and 2.4 dB, at 250,
Fig. 8(b) shows forward-masking examples. The model staB60, 1k, 2k, and 4k Hz, respectively. Most notably, however,
adapting at the onset of the long pulse, and then recovers aftexr model consistently underestimates forward masking at the
its offset. Lower-intensity impulses following the long pulseshortest probe delays. At least two factors contribute to this
corresponding to potential probe onset points, again ride error.

top of the model's recovery from adaptation to the pulse. First, the exponential derivation assumes the 15 ms delay
The responses to the impulses are initially below threshdi@étween the masker and probe is silence. This assumption
(masked) and with time, rise above threshold. provides the maximum possible distance to target during the
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Fig. 9. Using the model to predict other forward masking data. (a) Wideband masker and probe [20]. (b) Wideband masker, sinusoidal probe at 1 kHz [24].
(c) Sinusoidal masker and probe at 1 kHz [19]. (d) Equation provided in [19] predicting the present data.

15 ms, the maximum amount of recovery, and the lowest TABLE |

prediction of forward masking. In fact, the stimuli had 5 ms MODEL PARAMETERS RELATIVE TO A 100 Hz $ECTRAL RATE

of offset, 5 ms of silence, and 5 ms of onset during thig,e, 1, | siopem a b release (ms) | attack (ms)

interval. Any nonsilence during the 15 ms delay decreases = o S Y = =

the distance to target, reduces the amount of recovery, ani : : :

increases the estimation of forward masking. Ignoring the 020 0834 0310 6 1

finite onsets and offsets reduces the model's predictions of*® 0-26 0816 0-543 hd 16

the amount of forward masking at short delays. 2000 029 0851 0525 62 16
Second, in this derivation, forward masking is assumed to#000 034 0.858 0.507 65 15

occur when insufficient auditory recovery keeps the response
to the probe below threshold. However, at shorter (near zero)
delays, with extremely similar maskers and probes, the probBese measurements were made at relatively short delays.
may only be audible as a change in level at the end of tAgithors have historically disagreed on how to specify delay
masker [24], and not as a separate event. Even though i@ forward-masking experiment [20]. In this paper, delay is
response to the probe is above threshold, the subject nagasured between the envelope peaks, while [19] used zero-
not distinguish the probe from the masker, and therefore nitage points, and [24] chose half-voltage points between the
detect the probe. Because the derivation requires the modérasker and probeffset The present study used 5 ms ramps,
response to the probe to be below threshold to be masked1fl] used 10 ms, and [24] used 5 ms for the masker and
underestimates the amount of forward masking, especiallyl4& ms for the probe. To compensate for these differences,
short delays with intense maskers. 2.5 ms is subtracted from the delay reported in [24], and
10 ms is added to the numbers in [19]. The masker level
in the 1 kHz band for the wideband masker is determined
C. Predicting Other Data by the energy in the critical band [21] centered at 1 kHz.
Lélthough comparisons are only possible at relatively short
Selays, the model overestimates the amount of masking by

of average data with wideband stimuli [20]. These data provief\’-:ldeband noises, and underestlmat_es masking t_)y pure tor_1es.

relatively complete measurements of forward masking acrdg8Cce Parameterized, however, the simple dynamic mechanism

level and delay. In the results shown in Fig. 2, there is onfPProximates dynamic psychophysical responses.

slight variation of forward masking with frequency. Because F19- 9(d) shows the prediction of data from this study by

the adapting response of the model to wideband stim@f! equation proposed in [19]

approximates the response at middle frequencies, the_wideband P = a(b—log At)(M — ¢).

data were predicted using the model parameters derived from

the 1 kHz data. Although the model underestimates these ddfaand M are the levels of the probe and masker above

the trends are consistent. threshold, and the constanisb, and ¢ are chosen to fit the
Figs. 9(b) and 9(c) show the predictions for wideband araverage forward-masking data at 1 kHz in [19]. Even though

pure-tone maskers of 1 kHz pure tones, respectively [19], [24he parameters in this equation were chosen from a data set that

Fig. 9 (a)—(c) shows the model's predictions of previo
forward masking data. Fig. 9(a) shows the model’s predicti
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did not include measurements at the longer delays used in thisspeech that is likely to improve recognition robustness;
study, it provides an excellent prediction of the present dataotential application improvements may warrant the significant
computational complexity.

D. Other Models Predicting Forward Masking

Other auditory models have been derived which, in general, IV. PEAK ISOLATION

provide a better fit to forward-masking data. Most, however, Both speech perception and the response of individual au-
do not readily extend to a general processing scheme suitaditery nerves are extremely sensitive to the frequency position
for an ASR front end. For the dynamic mechanism deriveaf local spectral peaks. There are several mechanisms and
in this paper, a signal is masked when the response is beloarresponding modeling approaches that may explain this
threshold. To fit forward-masking data, other models typicallsensitivity. Physiologically motivated by the local fan-out
parameterize a decision device, and thereby impose explimitthe neural connection to outer hair cells, [14] suggests
interpretations of the front end’s response. If the parameterizess-coupling AGC stages to improve static spectral contrast,
decision device is removed to use the auditory model for @noviding functionality similar to the higher level lateral
ASR front end, it is less clear how the recognition systeihibitory network in [31]. Significant effort [15], [16], [32]
would correctly interpret a masked signal. also focuses on modeling how the auditory system derives, and
Forward, backward, and forward/backward masking combiakes use of, redundant temporal microstructure. Auditory
nations have been predicted with great precision assumingexrves with center frequencies as far as an octave away
relatively standard model of filtering, rectification, power-lairom a local spectral peak can synchronize their response
compression, temporal integration and a decision device [2&]. the frequency of the peak, providing a composite neural
In its original derivation, however, there was no mechanismpresentation dominated by that frequency [33]. Similarly,
to account for the level-dependence of forward maskingerceptual discrimination of vowels is more sensitive to the
Either the temporal window shape [25] or the power-lafirequency location of spectral peaks than to other aspects of
compression [26] may vary with level. The decision devicthe spectral shape [34]. These data suggest that the auditory
required an unusually high minimum detectable temporaystem may derive a noise-robust representation by attending
amplitude variation of 6 dB, which may not extend well tdo the frequency locations of local spectral peaks.
a general processing scheme. Finally, if forward masking isThe dynamic model was therefore also evaluated with
entirely a consequence of temporal integration, physiologicalnovel processing technique, based on raised-sine cepstral
measurements of adaptation are ignored, and there is no méiftering [5] together with explicit peak normalization, which
anism that explains physiological and perceptual sensitivity igolates local spectral peaks. Raised-sine cepstral liftering is
onsets and transitions. weighting the cepstral vector by the first half-period of a
Other researchers have proposed models using adaptataEised-sine function.
mechanisms to explain forward masking [27]-[29]. The first The cepstral vector is an expansion of the even log spectrum
of these [27] uses a modified version of a previous modil terms of cosine basis functions. Thg term specifies
[30] that includes filtering, envelope detection, power-lashe log-spectrum average, the term approximates the log-
compression, rapid and short-term adaptation, and long-tespectrum tilt, etc., and high cepstral terms represent quickly
integration. The long-term integrator is bypassed in forwardarying ripples across the log spectrum. Weighting the cepstral
masking tasks. Immediately following a stimulus, the modeiector specifies the relative emphasis of different types of log-
assumes that there is no rapid onset component in respogisectrum variations. A raised-sine lifter deemphasizes slow
to a probe, that this component recovers exponentially withanges with frequency, often associated with overall level and
time, and that the relative level of this component is usaacal driving-function characteristics, as well as fast changes
to determine forward masking. The model is somewhetkat may reflect numerical artifacts [5].
between a complete processing mechanism and an equatioh is helpful to view the effects of cepstral liftering in the
summarizing psychophysical responses, and therefore, is dtsp spectral domain. Fig. 10(a) starts with the log spectrum,
difficult to incorporate into ASR systems. The exponentidiom a vowel (/i/), implied by a truncated cepstral vector.
recovery of the rapid onset component has similarities Eg. 10(b) shows the log spectrum implied after raised-sine
the exponential adaptation used in the dynamic mechanisepstral liftering. The average level as well as slow (and
described in this paper. fast) variations with frequency are deemphasized, leaving
More recently, other researchers have developed a genemhponents that change at a moderate rate with frequency.
auditory model that, together with an optimal decision devic&his process emphasizes both spectral peaks and valleys.
predicts well a wide variety of psychophysical data [28], [29]. The valleys are removed by half-wave rectifying the log
In each auditory channel, the model uses linear filtering, haffpectral estimate implied after raised-sine liftering, and a
wave rectification, and lowpass filtering, followed by fivdinal vector is obtained by transforming back to the cepstral
adaptation stages. The output is correlated with templatsmain. Because the half-wave rectifier is nonlinear, explicit
that store the model's response to other (masker-only) cdaransformation from cepstrum to log spectrum (processing
ditions to predict masking thresholds, thereby imposing tarough the rectifier) and then transformation back to cepstrum
relatively complex postprocessing mechanism to predict thee required. The raised-sine lifter also affects the magnitude
data. The model provides a dynamic spectral representatminthe peaks. Therefore, before transforming back to the
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Fig. 10. Peak isolation processing. Log spectrum of the voWgl after (a) cepstral truncation, (b) raised-sine cepstral liftering, and (c) half-wave
rectification and peak normalization.

cepstrum, peaks are scaled to the level measured in the origimatiputs are weighted by a triangular filter shape and then
log spectrum. The final peak-isolated estimation is shown summed. The filters have a half-power bandwidth of 100 Hz
Fig. 10(c). up to center frequencies of 1 kHz, and a bandwidth of 0.1
times the center frequency above 1 kHz. A DCT converts

V. ROBUST RECOGNITION EVALUATION the spectral estimation obtained from the logarithmic energy

across filters into a final cepstral vector. Before the DCT,

The model was evaluated as the front end for W@ o |oqarithmic filter energies of MFCC are also processed

word r_eco_gnmon systems. The first is a talker-dependemtrough the dynamic stages derived in Section Il to obtain
dynam|c time warp _(DTW) system, and the second USG%e adapting spectral estimation vector MFCCA. A 13-element
talker—lndependent. hidden _Mgrkov models (HMM). The(\: pstral vector and its temporal derivative (approximated by
DTW system provides an initial assessment of the mo e slope of a linear fit to seven cepstral points) are obtained

and the HMM e\{alufations are better approximations %r each front end, but the undifferentiated spectral level term
potential ASR applications. The vocabulary for all systems ts

- - ; _ ) ¢o) is ignored during recognition.
limited to the ten digits. Finally, a comparison with RASTA- For the initial DTW evaluation, the peak isolation mecha-

based processing is included. The inputs to all recogniti%]sm was applied only to the MECCA to obtain MFCCAP. For

experiments are corrupted with additive noise shaped d bsequent HMM evaluations, all front ends were compared
match the long-term average speech spectrum [35]. Test waoy, & and without peak isolation

are gmbedded n (noisy) silence, SO that the recognizers arn%ig. 11 shows spectral representations of the digits “nine six
required to both isolate and recognize the discrete words. ne three” from MFCC, MFCCA, and MFCCAP. The dynamic
IV\IIIO versions of th% dyn;mm modtleldwere ,'mple_lf?]emfeﬁwodel emphasizes spectral changes in time, while peak isola-
a full-rate system an d% ownsam.pleﬂ versr:on. 3’e6 Ulon enhances spectral contrast in frequency. Together, these
rate system uses rounded exponential filter shapes [36], gchanisms highlight the spectro-temporal representation of

then lgdapts the hen\(/jelope of ?ZCh filter outt)pu_t at thle f anging frequency peaks. The second half of this picture
sampling rate. The downsampled system obtains Mel-sc ows representations at 5 dB signal-to-noise ratio (SNR).

power spectrum estimations every 10 ms by weighting a sets, transitions, and changing local spectral peaks may

adding power spectrum points from a fast Fourier transformmain as robust cues for recognizing speech in a noisy
(FFT), and then adapts these outputs at the downsampled reé%kground

On an HP715 workstation, the downsampled system runs at
0.43 x real time, while the full-rate implementation requires ,
9.4 x real time. The recognition evaluations below used tHfer DTW Evaluation
downsampled implementation. An initial evaluation with a simple dynamic programming-
Three basic front ends are compared: linear predictitrased isolated word recognition system [1] and a single talker
cepstral coefficients (LPCC), Mel-frequency cepstral coeffivas performed. A system was constructed that used an Itakura
cients (MFCC), and mel-frequency cepstral coefficients witbath constraint [1], and a Euclidean local distance metric
adaptation (MFCCA). Each front end computes a spectekcluding the undifferentiatee, term. Clean templates were
estimation every 10 ms using overlapping 30 ms Hammingplated from surrounding silence, but test tokens were not.
windows. LPCC are computed in two stages [1]: 12th-ordeAs more noise is added, word isolation, or endpoint detection,
autocorrelation-based linear prediction provides an all-patkecomes more difficult. To asses the robustness of the system,
vocal-tract transfer function. Real cepstral coefficients aikis therefore, unrealistic to assume the temporal placement
then recursively computed for this minimum-phase estimatioof the speech within the background noise is known. Instead,
MFCC are computed in three stages [2]. The power spectrundigamic programming is used to find the speech within the
computed using a zero-padded FFT. To estimate the energyaise. At each time slice in the test token, a new path starts at
the output of each approximate auditory filter, power spectrutime beginning of the template and an accumulated distance
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Fig. 11. Spectrogram representations of the words “nine six one three” from MFCC analysis, the dynamic model MFCCA, and the dynamic model with
peak isolation MFCCAP, at greater than 40 dB SNR and at 5 dB SNR.

propagates through the end of the template. Accumulatéed center of each file. Before adding background noise to
distances usually reach a minimum at the end of the spedbhse files, random amounts of silence were added before and
in the test token, marking the best alignment for that teafter each token. Two sets of evaluations were performed. The
token/template pair, without explicit endpoint detection. Thiirst used only clean data for training while the second trained
accumulated distances are divided by their path lengths both clean and noisy models.
normalize for templates of different duration. The minimum For all models, six-states per word, simple left-to-right state
normalized distance specifies the distance to each templatensitions, continuous Gaussian densities, diagonal covari-
and the minimum template distance determines the waoatices, and fixed global variances were used. Mean feature
recognized. vectors and transition probabilities for each state were trained
The data were digitally recorded from a single talker in as described below, but variances were set to the global
sound-isolated room using a close-talking microphone. Fig. {@riance estimated over all tokens in the training set. This
shows the degradation of recognition performance in badgchnique is useful with limited training data and when the
ground noise across the four front ends: LPCC, MFCGesting environment is significantly different from the training
dynamic model (MFCCA), and the dynamic model with peaénvironment [3].
isolation (MFCCAP). Consistent with [3], the MFCC is more The clean models were trained in two stages. Training words
robust than LPCC. However, both the dynamic model MFCCéere first isolated from the surrounding silence based on the
and the dynamic model with spectral peak isolation MFCCAfdtal signal energy. The models were initialized assuming a
are significantly more robust to background noise than MFC@Gniform distribution of the words across the six states in the
model. Iterative Viterbi (max-path) alignment and training was
) then applied until the average log probability decreased by
B. HMM Evaluations less than a threshold. Finally, the forward-backward algo-
Using the male talkers in the TI-46 data base and the HTKthm improved the estimate for each model using a similar
Toolkit, a series of talker-independent HMM-based robust digibnvergence criterion.
isolation and recognition evaluations were also conducted. ThéNhen the test environment differs from the training en-
TI-46 database is hand segmented so that words are placediianment, recognition performance deteriorates. A common
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Fig. 12. Talker-dependent DTW recognition performance in noise.

approach to address this issue is to train models using nossyited to segmentally stationary statistical characterization as
data [1]. One set of clean models was built, as describdte MFCC representations; intrasegment changes are reduced
above, and then a second set of “noisy models” was built usitog averages.
training data at an SNR of 12 dB. Both sets of models wereFig. 13(b) shows the evaluation using models of both clean
used for recognition; the model with the highest probabilitgnd noisy data. Performance across all front ends improves,
(from either set) determined the word recognized. To tragnd MFCCAP continues to provide the most robust represen-
the noisy models, stationary background noise was addé&tjon. This evaluation removes some of the context-dependent
and then forced-Viterbi alignment with the correspondinglismatch between training and testing.
clean model was used to isolate the noisy speech from thd=ig. 13(c) and (d) compare the performance using the
background. The same Viterbi and forward-backward trainirffynamic mechanism and the perceptually motivated RASTA
algorithms, used for training clean models, were used to trd@fhnique [18]. RASTA involves filtering the logarithmic
noisy models from the isolated noisy words. temporal trajectories (log energy temporal excitation patterns)
For Viterbi alignment in training and recognition, silenc&Vith a bandpass filter that has a sharp zero at DC. By
models were used together with a “grammar” of S"enC@I_eer_nphasizing slqw and fast changes with time, RASTA also
word-silence. In a fixed-variance system, the silence mod®Vides an adapting response. Both front ends were evaluated
were simply the long-term moving average of the front endith and without the peak-isolation algorithm. Fig. 13(c)
response to the background noise. As the SNR changed, $@WS the performance with clean models, and Fig. 13(d)
silence model's mean updated to the new background noisg®mpares the performance with clean and noisy models. Our
Fig. 13(a) shows the increasing error rate at lower SNRAYNamic mechanism is more robust for these tasks. In this
for the different front ends. Each front end was evaluaté?mParson, _the_ RASTA t(_achnlq_ue was applied dlrect_ly o
with and without the peak isolation mechanism. The dynamﬁ@e nganthmm sl energies, wﬂhogt the. perceptlljall "”?ar
model MFCCA by itself shows no improvement over sta _redlct|on“(PLP) pr?cessmg u.sed in its original optimization
dard MFCC, however, adaptation improves the robustness %§] The “standard” RASTA filter
MFCCP, and MFCCAP remains the most robust front end. (242t =273 =274
Isolating peaks is helpful, but isolating changing peaks is 1-0.942"1

perhaps more helpful. was used and performance was not compared with other
There are at least two reasons to expect the performanceR{STA variations that optimize the compressive and expan-
the dynamic model to degrade when using HMM-based recagve nonlinearities for the specific acoustic environment.
nition in a noisy environment. The dynamic model provides Spectral estimations on a perceptual frequency scale
a context-dependent response that may increase differen@@sCC) are more robust than those on a linear scale (LPCC).
between onset responses in clean and noisy environmepigaptation provides sensitivity to onsets, enhancing spectral
However, MFCCA improves DTW performance over MFCCgontrast in time. Unlike the RASTA technique, which can
The difference may be that in the DTW system, templates ase described as a (smoothed) first-order differentiation,
continuously varying over the utterance. The HMM systemme dynamic model proposed here does not provide zero
requires discretizing the variation over the utterance intocaitput for constant input. Instead, the adaptation stages
finite number of states. The nonstationary response of tbenverge to static targets on the 1/O curves. Also unlike
dynamic model (as seen in Fig. 11) may not be as wethe RASTA technique, recovery is roughly three times

Hz)=.11
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Fig. 13. Talker-independent HMM comparisons: LPCC, MFCC, and MFCCA with (a) clean models, (b) clean and noisy models. MFCCA and RASTA with
(c) clean models, (d) clean and noisy modéls.) indicates with peak isolationpe) indicates without peak isolation.

slower than attack. Finally, peak isolation enhances specttiah mechanisms. Using additive exponential adaptation after
contrast in frequency. The combination of adaptation anmdgarithmic conversion, the dynamic mechanism predicts a
peak isolation provides a spectral estimation sensitive nearly linear decay of the amount of forward masking (in
changing local spectral peaks, enhancing the representati@eibels) as a function of logarithmic probe delay, and faster
of speech in a noise background. The dynamic mechanisates of decay of forward masking from more intense for-
with peak isolation (MFCCAP) reduced the word recogward maskers. The output is below threshold when forward
nition error in background noise by a factor of two tamasking is predicted to occur (a decision device is not used),
three over common (MFCC) front ends in each of thesdlowing for direct connection to current recognition systems.
evaluations, and provided an improvement over the RASTPhe peak isolation mechanism is an extension of raised-sine
technique. cepstral liftering. Together with the common MFCC front end,
these mechanisms imply an auditory system with frequency
selectivity and magnitude compression that is highly sensi-
VI. CONCLUSIONS tive to onsets, transitions, and changing local spectral peaks.
Current Speech recognition Systems use a S|mp||f|ed @Ch of these mechanisms improves the noise-robustness of
ditory model to transform a temporal pressure wave infdSimple word recognition system. Together they reduce the
a sequence of spectral estimations. Specifically, ASR frofror rate by a factor of two to three over an MFCC front
ends approximate auditory frequency selectivity and mag@nd.
tude compression. This paper provides two simple nonlinear
mechanisms that extend the front end to include adaptation
and sensitivity to the frequency location of local spectral ACKNOWLEDGMENT
peaks. These mechanisms impose additional computationalhe authors thank Dr. D. Morgan and four anonymous
requirements roughly equal to that of the common ASReviewers for their helpful suggestions on a previous version
front end. Forward-masking data parameterize the adaptd-this manuscript.
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