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The envelope of speech in noise has been used as a control signal to amplitude-modulate corrupted
speech in order to reduce noise and potentially enhance speech quality and intelligibility. In this study,
separate speech and noise time histories were mixed at different SNRs to produce time-aligned speech in
noise with a range of SNRs. The temporal envelope of the control signal was manipulated by selecting
mixtures with the same, or different, SNRs as the signal being controlled. Signals from 200 Hz to 6 kHz
were processed into sixteen, parallel contiguous subbands with bandwidths approximating 1.5 times that
of auditory filters. The subband envelopes were formed from the absolute value of signals and low pass
filtered at 16 Hz. Eleven subjects aged 29 ± 8 years (mean and range) with normal hearing underwent the
Modified Rhyme Test to assess speech intelligibility. Speech quality was assessed objectively by PESQ.
When the SNRs of the controlling signal and the speech in noise being controlled were the same, no
improvement in speech intelligibility was obtained. When the SNR of the controlling signal exceeded that
of the signal being controlled, statistically significant increases in mean word scores of up to 36% could be
obtained, hence providing an estimate for the maximum improvement in speech intelligibility achievable
by reducing noise in the control signal. There were also small improvements in speech quality.

� 2022 Elsevier Ltd. All rights reserved.
1. Introduction

The presence of noise is a major cause of poor speech intelligi-
bility in face-to-face communication. In the workplace, excessive
noise can cause misunderstandings in oral communication that
puts workers at risk of injuries. Numerous devices for applications
as diverse as mobile phones, communication headsets, hearing
protective devices (HPDs), and hearing aids would benefit from
the capability to improve speech intelligibility in a noisy environ-
ment. All these wearable devices have limited on-board computa-
tional capacity: the solutions to reduced intelligibility of speech in
noise explored in this contribution have been developed for such
circumstances. Hence, deep neural networks, which have been
recently employed to separate speech from noise and have demon-
strated some improvement in intelligibility [14,17,31], are not con-
sidered here, as the computational cost would be unacceptable for
non-networked wearable systems.
Over the past decades, numerous studies have demonstrated
the importance of temporal modulation processing in the auditory
system [36,3,34,10,2,29]; and [18]. Physiological and psychoacous-
tic experiments have been conducted to demonstrate the impor-
tance of amplitude modulation on speech intelligibility,
especially at low modulation frequencies [21,20,4,11]. Smith
et al. [38] showed that the temporal envelope of speech carried
information related to speech perception, while the details of the
time history, or ‘‘fine structure”, provided mainly pitch perception
and sound localization. They also showed that the contribution
of the envelope to speech intelligibility increases as the number
of frequency bands increases. Houtgast et al. [19] concluded that
low-frequency modulation between 0.5 and 16 Hz carries the
essential information in speech. This was confirmed in listening
tests by Drullman et al. [13], who could reduce the temporal mod-
ulation to a frequency range from 0 to 16 Hz while maintaining
speech intelligibility.

Studying the effectiveness of the temporal envelope on improv-
ing speech degraded by noise has been the subject of considerable
research [39,6,30]. Several speech enhancement algorithms
involving temporal envelopes have been developed in the
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frequency-time domain to enhance speech quality and intelligibil-
ity [26,8,24]. The problem becomes more challenging when the
noise level is high, causing the intelligibility of most components
of speech to be compromised. Hence, equipping current electronic
HPDs with an appropriate algorithm for improving face-to-face
communication presents challenges [7,5,37,23].

Lezzoum et al. [27] have developed a method based on
generating the instantaneous magnitude of intensity modulations
in sixteen, parallel, contiguous frequency bands (or subbands) to
improve speech quality when attempting to communicate
face-to-face in a noisy environment. More importantly for the
present work, they report this algorithm is suitable for applica-
tion to an HPD. Other applications of time-varying subband
gains to speech processing have been described primarily for
hearing aids ([40]; [28,9]). The algorithms may reduce environ-
mental noise but do not generally seem to improve speech
intelligibility [25].

While past experience does not suggest that time-varying,
envelope modulation-derived subband gains can substantially
improve speech intelligibility, studies employing this processing
have not demonstrated the potential that could be achieved by
improving the signal-to-noise ratio (SNR) of the envelope. It is
essential to establish the potential effectiveness of temporal envel-
ope modulation before attempting to develop any related algo-
rithms for speech enhancement. This is the purpose of the
present contribution.

The study tests the hypothesis that increasing the SNR of the
temporal envelope of speech in noise can produce time-varying
subband gains that improve speech understanding. For this pur-
pose, separate speech and noise signals are mixed in the time
domain at different SNRs to produce time-aligned speech in noise
with a range of SNRs. We manipulate the temporal envelope by
selecting two of these signals, one to construct the temporal envel-
ope to serve as a control signal and the other to be the signal being
controlled (referred to here as the ‘‘data” signal). The signals con-
tain the same speech, but the SNR of the control signal can be
increased compared to that of the data signal. This process of
changing SNRs in the control path separately from the data path
allows time-varying gains to be constructed that better reflect
the speech modulations in the mixture.

A preliminary investigation is conducted using identical signals
in the data and control signal paths to form a temporal envelope
modulation (TEM) algorithm and confirm the results of previous
work. The results of experiments, which include listening tests,
are described after an explanation of the signal processing.
Fig. 1. Concept block diagram of temporal
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2. Methods

2.1. Temporal envelop modulation algorithm

Algorithm Description: A block diagram of the essential elements
of the algorithm is shown in Fig. 1, which was simulated using
MATLAB (R2018b MathWorks, MA, USA). The platform was
designed to impose modest computational requirements on any
host, which is a most desirable feature for wearable applications
such as HPDs. The signals are simulated using a sample-based pro-
cessing method (sampling frequency 12 kHz).

The input noisy speech is initially divided into sixteen, parallel,
contiguous subbands that span the frequency range from 200 Hz to
6000 Hz. The bandwidth of each subband is approximately 1.5ERB,
where ERB is the equivalent rectangular bandwidth of an auditory
filter in the cochlea [29]. A 512-tab finite impulse response (FIR)
band-pass filter is designed for each of the sixteen subbands. The
subband filters are designed with 1 dB passband ripple, 60 dB
attenuation, and the transition from passband to stop band occur-
ring at a rate of 48 dB/octave. The filters have the same group delay
regardless of their cut-off frequencies.

In each subband, the filtered signal is divided into two different
paths as shown in Fig. 1 – a data path (DP) that contains the speech
(and noise if present) to be processed, and a control path (CP) in
which the time-varying gain is to be constructed from the tempo-
ral envelope. For each subband, the signal in the control path
amplitude modulates the gain of the data path to process the
speech. In the control path, extraction of the envelope of the input
signal is followed by low-pass filtering (LPF) to produce an instan-
taneous gain adjustment. The LPF consists of a 512-tab FIR filter
with a cut-off frequency of 16 Hz, and with nominally a 1 dB pass
band ripple, 48 dB attenuation, and transition from pass band to
stop band occurring at a rate of 12 dB/octave. Owing to the delay
of the LPF in the control path, the signal in the data path must pass
through a matching time delay to synchronize with the control sig-
nal, after which they are combined to produce a modified subband
signal. Next, the modified signals from all subbands are recom-
bined to form the processed output, shown by the R in Fig. 1,
and the reconstructed signal is adjusted in gain as necessary
(G2). The complete algorithm is then repeated, leading to a time-
varying gain being applied to each subband, and time-varying
reconstruction of the original speech (and noise if present) that
amplifies the processed sounds identified. Finally, the recon-
structed sounds are saved as .wav files and can be subsequently
replayed through headphones or an audio system to a listener.
envelop modulation (TEM) algorithm.



Table 1
Measurement conditions manipulating the temporal envelope for listening tests.

Control Signal SNR

0 dB �3 dB �6 dB �9 dB

Data Signal SNR SSN U U U

�9 dB U U U U

�6 dB U U U

�3 dB U U

0 dB U

R. Soleymanpour, A.J. Brammer, H. Marquis et al. Applied Acoustics 190 (2022) 108634
Experiment: The first aim of the study was to analyze the effects
of the speech enhancement algorithm described in Fig. 1 on speech
intelligibility and quality in a noisy environment. Speech-spectrum
shaped random noise (SSN) was applied to the input speech to pro-
duce SNRs of 0, �3, �6, and �9 dB. Our experience shows that
these noise levels can significantly reduce speech understanding.
To assess the performance of the algorithm, its output (processed
speech) is compared with unprocessed speech. ‘‘Unprocessed
speech” means here no processing is applied to the input speech
and SSN except limiting the frequency range to between 200 Hz
and 6 kHz to be compatible with the ‘‘processed speech”. Nine
audio files were prepared in this order: four for unprocessed
speech, four for processed speech. An additional audio file that
contains noise-free speech was presented to subjects before start-
ing a listening test in noise to familiarize them with the procedure.
It is also important to confirm that the manipulation of speech
illustrated in Fig. 1 does not affect the intelligibility of speech-in-
quiet. Therefore, a separate listening test was conducted without
SSN.
2.2. SNR manipulation of temporal envelope

Algorithm Description: Fig. 2 shows how various SNRs are gener-
ated for the control path with a preselected fixed SNR for the data
path. The two sources contain identical speech and noise time his-
tories and are inputted separately. Signals constructed for and
feeding the data path are shown by continuous lines, and signals
constructed for the control path are shown by dashed lines. Select-
ing different values for G1 and G2, with G1 not equal to G2, enables
us to provide independent SNRs in the control and data paths. The
platform includes 32 band-pass filters (sixteen each for the control
and data paths) arranged in parallel and sixteen low-pass filters.
These create two sets of 16 subbands with matching characteristics
that are identical to the subband filters in Section.2.1. G3 is used to
adjust the output sound level.

The algorithm was also simulated using MATLAB (R2018b
MathWorks, MA, USA). It should be noted that this platform was
developed to address the potential of the temporal envelope to
improve speech intelligibility in the presence of noise. It is not sug-
gested to be a practical solution for face-to-face communication in
environmental noise, as speech and noise will not be available
separately.

Experiment: Table 1 shows the conditions used in this study,
where different SNRs were applied to the control path while the
SNR of the data path was kept constant. Thus, for example, when
Fig. 2. Concept bock diagram for temporal modulatio
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the SNR of the data path was �9 dB, the SNR of the control path,
was either 0, �3, �6, or �9 dB. We believe using an SNR for the
control path that is less than the data path is not relevant to our
experiment, because the objective is to establish the increase in
word scores from improving the temporal amplitude modulation
of speech perturbed by noise. For example, when the SNR of the
data path is �3 dB, setting the SNR of the control path to �6 dB
or �9 dB would not be relevant.

SNRs of 0, �3. �6 and �9 dB were selected for the data path.
The experiment also contained a set of tests in which unprocessed
noisy speech in the data path was replaced by SSN. In addition to
the main purpose of the experiment, we demonstrate the relative
importance of fine structure and amplitude modulation to speech
intelligibility. As in the previous experiment, an additional file con-
taining noise-free speech was included for subject familiarization.
2.3. Subjective assessment of speech intelligibility

To evaluate the performance of the platforms on speech intelli-
gibility, a series of controlled psychoacoustic tests was performed
with human participants. Eleven adults (age: 29 ± 8 years) with
normal hearing, who spoke English as their first language, were
recruited for the study. Participants were comfortably seated in
an audiometric booth and wore insert earphones (E�A�RTone type
3A). All participants gave their informed consent to participate in
the study and were paid for their time. The study protocol was
approved by the Institutional Review Board of UConn Health
(Farmington, CT), where the measurements were conducted.

The Modified Rhyme Test (MRT) was used [1,22]. The speech
was that of a male talker (Auditec, Inc., St.Louis). Each trial con-
tained the carrier phrase (‘‘Circle the . . . [insert test word] . . .

again”) and a test word chosen randomly from six alternate
‘‘rhyming” words (e.g., ‘‘kit”, ‘‘bit”, ‘‘fit”, ‘‘hit”, ‘‘wit”, or ‘‘sit”). Par-
ticipants circled their answer on a printed word list containing
the six words for each trial. The test audio files were constructed
n with different SNRs in control and data paths.



Fig. 3. Prediction of speech quality using PESQ.
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from the MRT sentences and SSN. SSN was selected for the exper-
iments as the similarity between the long-term average speech
spectrum and that of the noise will present most challenge in a lis-
tening test. The signals were processed off-line by MATLAB.

Speech intelligibility was based on the number of correct
answers from the six alternative-choice words presented to the lis-
tener. A series of 25 trials each consisting of the carrier sentence
and a target word was presented to participants through an audio
signal processor and amplifier (Tucker-Davis Technologies, Inc., FL,
USA). A two-second pause between successive trials was provided
for participants to respond. An adjustment needs to be made to the
raw word score to account for a subject guessing the target word.
To quantify this adjustment, ANSI standard S3.2, 1982 provides the
following expression:

SA ¼ S� R
n� 1

ð1Þ

where represents the number of correct answers after adjusting for
guessing, S and R are the raw score and the number of incorrect
answers, respectively. The number of choices for each trial is repre-
sented by n. We will use as a measure of intelligibility for each test.

2.4. Objective estimate of speech quality and calculation of SNR

The quality of the processed speech was predicted using the
Perceptual Evaluation of Speech Quality (PESQ) [32]. PESQ
attempts to model the signal according to the auditory system
and has been shown to possess an acceptable correlation with sub-
jective assessment for telephony [32]. The numerical scores gener-
ated by PESQ can be approximately mapped into subjective
assessments of speech quality according to the five-point Mean
Opinion Score as: bad (�1.7), poor (�2.5), fair (�3), good (�3.5)
and excellent (�4.5) [33]. A numerical increase in PESQ is associ-
ated with an improvement in speech quality within each category.

Only the target words of the MRT were considered to compute
the SNR for the speech in noise experiments, and for the speech
quality predictions. To remove the carrier words, silent parts of
the utterance were identified. The algorithm for this purpose
employed a time window of 10 ms. If the maximum signal ampli-
tude in a time window is less than a threshold, this window was
considered to be ‘‘silent” (i.e. does not contain speech). The thresh-
old value was based on the clarity and quality of the speech eval-
uated by three listeners after removing the silent windows. The
experimental value for the long-term root mean square (RMS)
amplitude of speech in this study was 0.01 of the maximum signal
amplitude. After removing the silent windows, the isolated target
speech signal was passed through 16 band-pass filters identical
to those described in Section. II.A, and hence produced speech
sounds with frequencies between 200 Hz and 6 kHz. Fig. 3
describes this preprocessing of the input signal before the objective
assessment. The PESQ score of the MRT words in quiet calculated
in this way was 4.5, so they are judged to be of excellent speech
quality.
4

3. Results

3.1. Temporal envelop modulation algorithm

Examples of the time histories of speech in noise for processed
and unprocessed speech when the data and control paths have the
same SNR are depicted in Fig. 4. Panels to the left of Fig. 4 are for
unprocessed speech in noise, and illustrate the ‘‘burying” of speech
as the combined signal becomes more dominated by noise. The
processed speech-in-noise waveforms are shown in the panels to
the right of the diagram. Although temporal modulation can appar-
ently distinguish the speech from the noise, and clearly improves
the SNR, its effect on speech intelligibility is best considered from
the results of listening tests.

Before considering the performance of the algorithm described
in Fig. 1 for speech in noise, it is important to establish the perfor-
mance of the algorithm for noise-free speech. Therefore, speech
without noise was processed by the algorithm and presented to
subjects. The mean word score and standard deviation (SD) for pro-
cessed speech was 98.8 ± 2.2%, which is statistically indistinguish-
able from the mean word score for unprocessed speech without
noise (100%) (p = 0.18, two-sided t-test). Hence, it may be inferred
that manipulation of the speech signal by the algorithm introduces
insufficient degradation of linguistic information to influence
speech intelligibility in the absence of noise.

The mean correct word scores and SDs for unprocessed and pro-
cessed measurement conditions are shown in Fig. 5 for the differ-
ent SNRs. The unprocessed results display the magnitudes of the
word scores at the selected SNRs (28 � 87%) and allow us to study
the influence of temporal envelope modulation over a range of
speech intelligibility in noise. It is also evident from Fig. 5 that
the TEM algorithm does not result in any improvement in speech
understanding and even reduces intelligibility in this noise when
the SNR is �6 dB. Analysis of the results obtained from the unpro-
cessed and processed speech at various SNRs is performed using a
two-way ANOVA (Analysis of Variance) with replication, which
confirmed that the frequency-time modulation algorithm shown
in Fig. 1 does not statistically improve speech understanding in
SSN [F (1,80) = 1.27, p = 0.26]. These observations are not unlike
the conclusions of [8], who found temporal envelope modulation
produced little improvement of speech intelligibility in noise.

Although the main purpose of this study focuses on speech
intelligibility, it is worthwhile to consider speech quality. Fig. 6
compares the quality of the unprocessed and processed speech in
noise as predicted by PESQ. It is evident from these results that
the increased PESQ scores indicate a positive effect of the signal
processing on speech quality. However, all conditions would be
judged subjectively to be of bad quality. For comparison, the PESQ
score of the processed speech in the absence of noise was 2.9,
which would be judged to be of fair quality.

In summary, for speech in SSN the speech enhancement algo-
rithm described by Fig. 1 has been shown to improve the SNR
and possibly speech quality, but not intelligibility.



Fig. 5. Mean percentage correct (±SD) word scores of processed and unprocessed
speech in SSN when the data and control path have the same SNR.

Fig. 6. PESQ assessment of unprocessed and processed speech quality when the
data and control paths have the same SNR.

Fig. 4. Unprocessed and processed speech-in-noise waveforms at SNRs of 0, �3, �6, �9 dB when the data and control paths have the same SNR.
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3.2. Manipulation of temporal envelope

The purpose of this experiment was to test the hypothesis that
improving the temporal envelope of speech in noise can produce
time-varying subband gains that increase speech understanding.
As already described, increasing SNRs in the control path can be
utilized to provide the improved gains.

Examples of a speech-in-quiet waveform and an unprocessed
speech-in-noise waveform when the SNR is �3 dB are depicted
in Fig. 7A and B, respectively. Fig. 7C and D show the processed
speech in noise when the control path SNR is 0 and �3 dB respec-
tively, while the SNR of the data path remains �3 dB in both cases.
Apparently, having more appropriate gains for each time sample
within each subband produces an output waveform that further
reduces the noise.

As an example of the effectiveness of envelope-derived time-
varying gain to enhance speech intelligibility, we first consider
5

the performance of the method described in Fig. 2 when noise-
free speech is fed into the control path and pure SNN is fed into
the data path. In this experiment, there is no speech information
in the fine structure (i.e., data signal) to contribute to speech intel-
ligibility: the only potential source of information is the control
signal containing the speech envelope. The mean word score
obtained was 94.2 ± 6.3%, and should be compared with the score
obtained when noise-free speech is fed into the data path and pro-
cessed by the algorithm (98.8 ± 2.2% – see previous experiment).
These word scores are not significantly different (two-sided t-
test, p > 0.05). Previous studies using noise instead of speech for
the fine structure have reported excellent word identification
under similar conditions (e.g., [35]), which indicates the impor-
tance of the temporal envelope for preserving linguistic informa-
tion. In other words, when the gain of the envelope of the time
history is correct, speech understanding is preserved regardless
of other factors, such as details of the fine structure.



Fig. 7. Example of waveforms for speech, and speech in noise, unprocessed and processed. A — Speech in quiet; B — Unprocessed speech in noise, SNR = -3 dB; C — Processed
speech, SNR of data path �3 dB, SNR of control path 0 dB; D — Processed speech, SNR of data path �3 dB, SNR of control path �3 dB.

Fig. 8. Mean percentage correct word scores (±SD) for different control path SNRs applied to the data path. Results are shown when the data path (DP) contains speech in
noise at selected SNRs that is time aligned with the control signal, and when the DP contains only noise.

Fig. 9. PESQ assessment of speech quality when the data and control paths may
have different SNRs.
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When the fine structure consists of speech, or random noise, in
SSN, the mean percentage correct word scores and SDs for all mea-
surement conditions in Table 1 are shown in Fig. 8. The abscissa
displays the results according to the SNR of the data path. For each
condition listed on the abscissa, the mean percent correct score
and SD are shown for the SNR of the envelope imposed by the con-
trol path. Without exception, providing better time-varying gain by
improving the SNR of the control path increases the mean word
score for all measurement conditions. It can be seen from these
results that there is a relationship between improving the time-
varying gain, by increasing the SNR of the temporal envelope,
and word score regardless of the SNR or content of the data path.
A one-way ANOVA conducted separately for each data path SNR
confirms that the SNR of the temporal envelope statistically
improves speech understanding in SSN for all categories, except
for class #4 (Table 2).

Fig. 9 displays the quality of the processed speech in noise as
predicted by PESQ, for the combinations of signal path and control
path SNRs in Table 1. Seemingly, time-varying gain based on the
temporal envelope can increase PESQ values especially when the
SNR of the data path is high, for example, when the data path
Table 2
One-Way ANOVA for each class defined by the SNR of the control path.

Class Data path Control path p-value

#1 SSN {0,�3,�6} dB 7.99E06
#2 �9 dB {0,�3,�6,�9} dB 3.26E�12
#3 �6 dB {0,�3,�6} dB 1.06E�05
#4 �3 dB {0,�3} dB 0.246
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SNR is �3 dB. But the metric does not predict a significant effect
of control path SNR on speech quality at very low SNRs. Thus, when
there is an SNR of �9 dB in the data path, changing the SNR in the
control path does not improve the quality of speech according to
PESQ predictions until it reaches 0 dB.

4. Discussion

In this research, we have considered the potential of using
multi-channel time-varying gains based on the temporal envelope
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to enhance speech communication in noise. We conducted two
experiments to determine different aspects of the performance of
the platforms. The first experiment, in which the SNR of the control
signal was the same as that of the signal being controlled, found
that temporal envelop modulation does not present an acceptable
method for increasing the score of confusing words in noise, espe-
cially when the score for the unprocessed speech was about 60
percent. To the best of our knowledge, other studies in the litera-
ture have not reported significant improvement in intelligibility
for similar algorithms ([8]; van Buuren et al., 1999; [12]). However,
many speech enhancement algorithms as well as the platform in
this study improve speech quality [27]. As a result, an alternative
method is needed to improve speech comprehension for wearable
devices used in an environment where speech is difficult to under-
stand and, more importantly, it must be a practical solution for
real-time application.

The results of the second experiment clearly demonstrate
improved speech intelligibility can be obtained when appropriate
gains are provided to time histories by manipulating the temporal
envelope. In this study, we manipulated the SNR of the temporal
envelope. Fig. 8 shows that the increase in mean word score can
be as much as 36%. Improved speech understanding compared to
an initial condition in which the SNRs of the data and control paths
were identical was observed for all SNRs. The improvement was
statistically significant for all initial conditions except for an SNR
of �3 dB. The results also indicated that any degree of improve-
ment in the gain derived from the SNR of the temporal envelope
would have a positive effect on speech intelligibility in a noisy
environment. When, for example, the SNR of the data path is �6
dB, increasing the SNR of the control path from �6 dB to �3 dB
results in an improvement of more than 20% in word score. The
current study also suggests that performing a multi-pass gain for
each sample in each subband without having a perfect temporal
envelope may enhance speech intelligibility for speech extensively
disrupted by additive noise.

That temporal envelopes are critical to intelligibility is evident
from the results of the second experiment when the data path con-
tains only SSN. As with data paths containing speech in noise,
increasing the SNR of the control signal substantially increases
the mean word score, and the increases are statistically significant.
Also, use of a control signal with an SNR of �6 dB can be seen in
Fig. 8 to produce a mean word score of 14.7%, which is substan-
tially greater than that obtained with chance responses to each
trial (zero percent). Changing the SNR in the control path from
�6 dB to 0 dB improves the mean score by approximately 18 per-
cent. This is further evidence that improving the temporal envel-
ope is crucial for increasing speech understanding in noise. The
use of noise instead of the fine structure of speech in signal pro-
cessing has found application in vocoders and cochlea implants
[16,28,15].

Although this study is mainly focused on speech comprehen-
sion, it is useful to analyze the quality of speech produced by the
algorithms. The first experiment shows that the TEM algorithm
somewhat improves speech quality as assessed by PESQ and per-
forms better for high SNR values. In the second experiment, speech
quality was found to improve with increasing SNR of the temporal
envelop. However, the improvement at low SNR values in the con-
trol path was negligibly small. For example, comparing the values
of PESQ for SNRs of �3 dB and �9 dB in the control path shows that
improving speech modulation in the control path when the SNR of
the data path is low (e.g., �9 dB) does not have a meaningful effect
on speech quality (see Fig. 9). Therefore, it seems that improving
the SNR of the modulation of speech in noise would not be a
promising method for enhancing speech quality at low SNRs.
Hence, it will be necessary to investigate other methods to deal
effectively with this issue. Finally, it can be concluded that the per-
7

formance of temporal modulation as applied here to speech intel-
ligibility is not the same as its effect on speech quality.

5. Conclusions

In this study, we have examined a potential low-latency
approach for improving the intelligibility of speech in noise. We
explored employing multi-channel time-varying gains constructed
from the temporal envelope for speech enhancement. An initial
experiment, in which the SNR of the control signal was the same
as that of the signal being controlled, did not result in improved
intelligibility, and confirmed work published elsewhere. A second
experiment showed that manipulating the temporal envelope by
applying an improved SNR to the control path compared to that
of the data path increased word scores by up to 36%. Temporal pro-
cessing was also predicted to improve speech quality, but there
would be little improvement experienced subjectively. We expect
these findings to enable us to develop robust speech enhancement
algorithms for real-time applications in wearable devices.
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