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Abstract
Forward masking is a phenomenon of human auditory per-

ception, that a weaker sound is masked by a preceding stronger
masker. The actual cause of forward masking is not clear, but
synaptic adaptation and temporal integration are heuristic ex-
planations. In this paper, we postulate the mechanism of for-
ward masking to be synaptic adaptation and temporal integra-
tion, and incorporate them in the feature extraction process
of an automatic speech recognition system to improve noise-
robustness. The synaptic adaptation is implemented by a high-
pass filter, and the temporal integration is implemented by a
bandpass filter. We apply both filters in the domain of log
mel-spectrum. On the Aurora 3 tasks, we evaluate three mod-
ified mel-frequency cepstral coefficients: synaptic adaptation
only, temporal integration only, and both synaptic adaptation
and temporal integration. Experiments show that the overall
improvement is 16.1%, 21.8%, and 26.2% respectively in the
three cases over the baseline.
Index Terms: noise robustness, speech recognition, synaptic
adaptation, temporal integration, forward masking

1. Introduction
Mismatch between training data and testing data of an auto-
matic speech recognition (ASR) system often degrades the ac-
curacy significantly. Many techniques have been proposed to
reduce such mismatch to improve noise-robustness, e.g. nor-
malization of statistic distribution of feature vectors [1, 2], and
combination of clean and noisy back-end models [3].

In this paper, we propose to use methods motivated by audi-
tory system to improve noise robustness. Human auditory sys-
tem is more noise-robust than any state-of-the-art ASR systems.
Thus an ASR system which models and approximates human
auditory phenomenon is expected to have a better performance.

Features motivated by auditory system have been proposed
in the literature. Ensemble interval histogram (EIH) [4] mod-
els the details of human auditory system. The zero-crossing
with peak amplitudes (ZCPA) [5] is an extension of EIH. Sub-
band spectral centroid histogram (SSCH) [6] emphasizes the
dominant-frequency information.

An alternative approach to the design of new feature vec-
tors is to add auditory functions into standard feature extraction
routine. In [7], forward masking is modeled by short-term adap-
tation. In [8], synaptic adaptation is incorporated by adding
a first-order IIR highpass filter in the log mel spectra domain.
In [9], synaptic adaptation and two-tone suppression are mod-
eled with ZCPA. In [10], simultaneous masking and temporal
masking are both modeled into MFCC.

In this paper, we model the forward masking by synaptic
adaptation and temporal integration. The model is implemented

by temporal processing, i.e., filters in the log mel-spectral do-
main.

This paper is organized as follows. Section 2 describes
forward masking, synaptic adaptation and temporal integration.
This is followed by the implementation of such auditory mech-
anisms in Section 3. Experimental results on Aurora 3 tasks are
shown in Section 4. In Section 5, we draw conclusions.

2. Forward Masking
Masking is a phenomenon that one sound cannot be perceived
if another sound with sufficiently high intensity appears closely.
There are two kinds of masking, simultaneous masking and
temporal masking. The simultaneous masking happens when
the masker with a close frequency is present simultaneously
with the masked sound1. The temporal masking occurs when
the masker is present just before or just after the masked sound
in time, called “forward masking” or “backward masking” re-
spectively. Backward masking tends to last about 5 millisec-
onds (ms), while forward masking can last from 50 to 300 ms.

In this paper, we focus on forward masking, i.e., the effect
on a signal by the preceding signal. There are several factors
which might cause forward masking, such as basilar membrane
nonlinearity, adaptation, and fatigue [11]. Synaptic adaptation
and temporal integration are both possible reasons for forward
masking [12]. These two mechanisms are described below.

2.1. Synaptic Adaptation

Synaptic adaptation is a dynamic action in human peripheral
auditory system. It occurs in the inner hair cell. It accentu-
ates the onset of a transmitted sound signal by a high initial
firing rate followed by a lower sustained rate. The phenomenon
of decaying of firing rate is the “adaptation” phase. When the
signal stops, the firing rate depresses and gradually recovers to
a spontaneous rate. The phenomenon of recovery from a de-
pressed firing rate is the “recovery” phase, which could result
in forward masking.

There is a “readily releasable pool” (RRP) near each
synapse in an inner hair cell, containing synaptic vesicles.
When an inner hair cell receives the signal, the neurotransmit-
ters in the RRP will be released into the synaptic cleft. Af-
ter the neurotransmitters begin to release to the synaptic cleft
at the signal onset, the RRP is refilled by recycled and newly
manufactured neurotransmitters. There are plenty of vesicles
available to fuse at the beginning of the sound signal stimu-
lus, then because the rate of refill is lower than the initial fu-
sion rate, the vesicles deplete with time. The above mechanism

1Parallel to temporal masking, simultaneous masking may well be
named spectral masking.
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Figure 1: The magnitude response of the synaptic adaptation
filter.

cause the auditory nerve to have a strong initial response at the
stimulus onset and rapidly decreased within the first 10 ms, and
then keep decaying with a slower rate during sustained stimuli.
The two part of decaying of auditory nerve response mentioned
above are called “rapid adaptation” and “short-term adaptation”
respectively. Rapid adaptation can enhance sound detection,
while short-term adaptation can improve the immunity to sta-
tionary noise.

In [8], the synaptic adaptation is implemented and incor-
porated into MFCC feature extraction. In the processing dur-
ing MFCC feature extraction, the rapid adaptation effect is re-
moved, only the short-term adaptation is retained. The synap-
tic adaptation is simulated by inserting a filter into the MFCC
feature extraction procedure after the calculation of logarithmic
mel spectra, and is implemented by summing the filtered log
mel spectra with the original log mel spectra. The filter is a
first-order IIR highpass filter with a system function of

Hs(z) =
2fsτ − 2fsτz

−1

1 + 2fsτ + (1− 2fsτ )z−1
, (1)

where fs = 100 Hz, is the MFCC frame rate, and τ is the adap-
tation time constant, which is assumed to be 0.24 second. The
adaptation time constant τ is the exponential decay constant.
The magnitude response of Hs(z) is shown in Fig. 1. The cor-
ner frequency of this filter is (2πτ )−1. When the time constant
τ is set to 0.24 second, the corner frequency is 0.66 Hz, which
is below the modulation frequency of 1−16 Hz, the range often
regarded as important to speech intelligibility. In addition, it is
in accordance with other psychoacoustic time constants, e.g. the
effective times of forward masking and simultaneous masking
are about 200 ms.

2.2. Temporal Integration

For sounds with durations less than about 200 ms, the hearing
threshold is inversely proportional to the duration. This can be
expressed as a formula [11],

I × t = constant (2)

where I is the threshold intensity and t is the duration.
(2) is an evidence for temporal integration, i.e., the effect

of a sound accumulates during its duration in the ear. When
a sound is transmitted into ear, the temporal integrator needs
some time to “build up”, in other words, to accumulate intensity.
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Figure 2: The magnitude response of the temporal integration
filter.

While the sound stops, the accumulated intensity needs some
time to decay. Such temporal integration mechanism could
cause backward masking and forward masking. When a sig-
nal is followed by a masker, the building-up of the signal may
be “swamped” when the masker occurs, which results in back-
ward masking. Conversely, if a signal is preceded by a masker,
the decaying response to the masker may swamp the response
to the signal, thus the forward masking occurs.

In [10], forward masking based on temporal integration is
modeled as follows

y[n] = x[n] + A

∞X
i=1

αix[n− i]−B

∞X
j=1

βjx[n− j], (3)

where y[n] is the output, x[n] is the input, and n is the frame
index. A,B are scale constants, and α, β are decay constants.

The termA
∞P
i=1

αix[n−i] stands for accumulation, and the term

B
∞P
j=1

βjx[n − j] represents forward masking. Taking the z-

transform, we have

Y (z) = X(z)

 
1 + A

∞X
i=1

αiz−i −B
∞X
j=1

βjz−j

!
. (4)

It follows that

H(z) =
Y (z)

X(z)
=

 
1 +A

∞X
i=1

αiz−i −B

∞X
j=1

βjz−j

!

= 1 +
Aαz−1

1− αz−1
− Bβz−1

1− βz−1
, |z| > max(|α|, |β|)

=
1− [(1−A)α+ (1 +B)β]z−1 + (1−A+B)αβz−2

1− (α+ β)z−1 + αβz−2
.

(5)
From (5), a linear constant coefficient difference equation can
be defined and we have a recursive implementation of the sys-
tem assuming causality and stability, i.e,

max(|α|, |β|) < 1.

The parameters are set to fit the observation time constants of
forward masking: A = 0.3, B = 0.03, α = 0.6 and β = 0.98.
The magnitude response of the system is shown in Figure 2.
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One can see it is a bandpass filter which de-emphasizes slow
and fast changes, which is similar to the well-known RASTA
filter [13].

3. Implementation
The synaptic adaptation filter as specified in (1) is implemented
in the log mel-spectral domain. Specifically, denoting the log
mel-spectrum at frame n by x[n], the following routine for
synaptic adaptation is applied.
1. Subtract the first frame from all frames to avoid initial
transient,

x′[n] = x[n]− x[1], for all n.

2. Apply the synaptic adaptation filter (1) to x′[n],

ys[n]

=
(2fsτ − 1)ys[n− 1] + 2fsτx

′[n]− 2fsτx
′[n− 1]

1 + 2fsτ
.

(6)
3. Adding the output of filter to the original log mel spectra,

xs[n] = x[n] + ys[n].

4. Apply DCT to each xs[n] to calculate the cepstral coef-
ficients of frame n.

In a similar fashion, the temporal integration filter as speci-
fied in (5) is implemented in the same log mel-spectral domain.
Specifically, the following routine for temporal integration is
realized.
1. Subtract the first frame from all frames to avoid initial
transient,

x′[n] = x[n]− x[1], for all n.

2. Apply the forward masking filter (5), which is imple-
mented as

yt[n] + a1yt[n− 1] + a2yt[n− 2]

= x′[n] + b1x
′[n− 1] + b2x

′[n− 2],
(7)

where the ai’s and bi’s are related to A,B,α, β.
3. Adding the output of filter to the original log mel spectra,

xt[n] = x[n] + yt[n].

4. Apply DCT to each xt[n] to calculate the cepstral coef-
ficients of frame n.

It is straight-forward to combine the implementations of
synaptic adaptation and temporal integration to model full for-
ward masking effect. Specifically, the following routine for for-
ward masking is implemented.
1. Subtract the first frame from all frames to avoid initial
transient,

x′[n] = x[n]− x[1], for all n.

2. Apply the synaptic adaptation filter (6) to x′[n], resulting
in ys[n].

3. Apply the temporal integration filter (7) to x′[n], result-
ing in yt[n].

4. Adding the output of filters to the original log mel spec-
tra,

xf [n] = x[n] + ys[n] + yt[n].

5. Apply DCT to each xf [n] to calculate the cepstral coef-
ficients of frame n.

4. Experiments
4.1. Setup

The proposed routines for synaptic adaptation, temporal inte-
gration, and forward masking as described in Section 3 are in-
serted in the ETSI STQWI007 DSR front end of Aurora 3 eval-
uation tasks [14]. We use the ETSI STQ WI007 DSR front
end to calculate 13 cepstral coefficients including the zeroth,
c0. The delta and acceleration features are calculated by the
Hidden Markov Model Toolkit HTK, with the delta window set
to 3 and the acceleration window set to 2. The delta and accel-
eration features are appended to the corresponding static feature
vector to form a 39-dimensional feature vector.

We adopt the standard setting provided by the Aurora 3
tasks. In this setting, there is one wholeword hidden Markov
model for each digit. Each word model consists of 16 emitting
states, with a 3-component Gaussian mixture model for each
state. A silence model consists of 3 states, and each state con-
sists of 6 Gaussian components. In addition, a one-state short-
pause model is tied to the middle state of the silence model.

We used the Aurora 3 [14] database in our experiments. The
Aurora 3 database includes four languages, Danish, Finnish,
German, and Spanish, each consisting of a subset of the
SpeechDat-Car [15] database. The speech data in Aurora 3
are connected digit strings, which are recorded in different
car-driving conditions, using close-talking (CT) and hands-free
(HF) microphones. Files are grouped into three noisy condi-
tions, quiet, low-noise, and high-noise based on the record-
ing conditions. Aurora 3 defines three different training/testing
conditions. The well-matched condition (WM) is to train on
70% of data in all noisy conditions recorded by CT and HF
microphones and test on the remaining 30%. In the medium-
mismatched (MM) condition, only the data recorded by HF mi-
crophone are used, quiet and low-noise data are used for train-
ing, and high-noise data are used for testing. In the highly-
mismatched (HM) condition, 70% of all noisy condition data
recorded by CT microphone are used for training, 30% of the
low-noise and high-noise data recorded by HF microphone are
used for testing.

4.2. Results

The plain MFCC generated by ETSI STQ WI007 DSR front
end is used as the baseline. Three modified MFCC feature vec-
tors, the MFCC with synaptic adaptation, the MFCC with tem-
poral integration, and the MFCC with both synaptic adaptation
and temporal integration are introduced to evaluate the perfor-
mance. Table 1 summarizes the word accuracies of recognition
results on the Aurora 3 corpus. The numbers under the “aver-
age” column are weighted averages over three training/testing
conditions,

0.25 ∗ HM+ 0.35 ∗MM+ 0.4 ∗WM.

The entries under the “rel imp” column are the averaged rela-
tive improvements with the same weights. Table 2 summarizes
the performance improvement of four languages over baseline.
From these tables, we can draw the following conclusions.

• Both the synaptic adaptation and the temporal integra-
tion achieve better performance than the baseline. The
relative improvement averages overall all languages is
16.1% for synaptic adaptation, and 21.8% for temporal
integration.

• The temporal integration filter works better than the
synaptic adaptation.
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• Combining both filters yields further performance gain.
In this case, the improvement is 26.2% overall lan-
guages. Finnish and Spanish see relative improvements
of 41.3% and 35.0% respectively. Incidentally, the digits
in these two languages tend to be longer (multi-syllabic),
which fits the idea of temporal integration.

Danish WM MM HM average rel imp
baseline 78.6 55.4 38.1 60.4 =
syn 82.3 55.7 48.8 64.6 11.5
tem 83.5 61.0 50.3 67.3 19.1
syn+tem 83.8 62.2 50.4 67.9 20.0
Finnish WM MM HM average rel imp
baseline 93.8 72.2 42.1 73.3 =
syn 94.8 80.9 66.9 82.9 26.3
tmp 95.1 82.0 71.6 84.6 33.5
syn+tem 95.2 86.9 73.9 87.0 41.3
German WM MM HM average rel imp
baseline 91.0 79.9 76.0 83.3 =
syn 91.2 81.6 76.7 84.2 4.6
tem 91.5 80.8 77.1 84.2 5.0
syn+temp 91.5 81.4 79.5 85.0 8.6
Spanish WM MM HM average rel imp
baseline 86.9 73.5 37.5 69.9 =
syn 89.4 77.6 60.5 78.1 22.2
tem 89.2 82.9 63.3 80.5 29.8
syn+tem 89.8 83.8 68.6 82.4 35.0

Table 1: Word accuracies of Aurora 3 recognition experiments.
In this table, the baseline corresponds to using plain MFCC,
syn corresponds to using the synaptic adaptation filter, tem cor-
responds to using the temporal integration filter, and syn+tem
corresponds to using both filters.

WM MM HM Overall
syn 14.8 12.4 28.7 16.1
tem 18.0 21.7 33.3 21.8
syn+tem 19.9 28.0 38.2 26.2

Table 2: Overall relative improvements over the baseline. The
relative improvements of 4 languages are averaged.

5. Conclusions
In this paper, we investigate the impact of implementing for-
ward masking into the MFCC feature extraction. The for-
ward masking is postulated to be related to two human audi-
tory functions, the synaptic adaptation and the temporal integra-
tion. We evaluate three different modifications to the extraction
of MFCC: synaptic adaptation only, temporal integration only,
and both synaptic adaptation with temporal integration. The
experimental results show that all three cases lead to perfor-
mance gain, and the best accuracy is achieved when combining
both adaptation and integration. Note both functions are mod-
eled by causal filters to perform temporal processing in the log
mel-spectral domain. The computational cost of filtering is lin-
ear. Such low computational cost make it suitable to insert this
model into current ASR systems, particularly for the systems
with limited resources, such as the mobile devices.
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