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Abstract
In this work, we proposed a method to detect the whispered
speech region in a noisy audio file called whisper activity de-
tection (WAD). Due to the lack of pitch and noisy nature of
whispered speech, it makes WAD a way more challenging task
than standard voice activity detection (VAD). In this work, we
proposed a Long-short term memory (LSTM) based whisper
activity detection algorithm. However, this LSTM network is
trained by keeping it as an attention pooling layer to a Convo-
lutional neural network (CNN), which is trained for a speaker
identification task. WAD experiments with 186 speakers, with
eight noise types in seven different signal-to-noise ratio (SNR)
conditions, show that the proposed method performs better than
the best baseline scheme in most of the conditions. Particularly
in the case of unknown noises and environmental conditions,
the proposed WAD performs significantly better than the best
baseline scheme. Another key advantage of the proposed WAD
method is that it requires only a small part of the training data
with annotation to fine-tune the post-processing parameters, un-
like the existing baseline schemes requiring full training data
annotated with the whispered speech regions.
Index Terms: Whisper activity detection, whispered speech,
attention pooling network.

1. Introduction
Whisper activity detection (WAD) is the task of finding a whis-
pered speech region in a noisy audio file. Whispered speech
is one of the natural modes of speech production, primarily
identified by lack of pitch [1, 2, 3]. Other factors that differ-
entiate whispered speech from neutral speech include relatively
flat spectral slope [4, 5], a considerable shift in lower-order for-
mants [6]. A whispered speech sounds more like an unvoiced
speech [3]. In typical voice activity detection (VAD), classify-
ing unvoiced speech from noise is a more challenging task than
detecting voiced speech [7, 8]. Detecting whispered speech ac-
curately is useful for many applications. A robust WAD sys-
tem can improve the performance of the speech recognition [9],
speaker verification [10, 11] task based on whispered speech,
by avoiding unnecessary processing of noise region. The re-
cent advances in virtual assistant devices make them operate
in whisper mode, which requires an accurate WAD to identify
whispered speech regions in a conversation [12, 13].

Extensive research has been done on VAD. Among these,
several new features have been proposed for VAD [14, 15]; on
the other hand, most of the recent VAD works are based on Deep
neural networks [16]. Despite the limited work, several attempts
have been made in the literature to improve the WAD perfor-
mance. Several features have been proposed to discriminate
whispered speech from noise. These include spectral entropy
[1], Mel-frequency cepstral coefficients [8], long-term spectral

divergence [14], long-term signal variability (LTSV) [17, 18],
auditory-inspired modulation spectrum [19], long-term loga-
rithmic energy variation (LTLEV) [20], and fusion of group-
delay-based subband modulation spectrum and correntropy fea-
tures [21]. The LTLEV [20] based method showed better re-
sults compared to the other existing methods. However, existing
WAD methods perform poorly in the presence of unseen noises
and environmental conditions. The lack of the training data an-
notated with whispered speech regions, hinders development of
WAD methods that require training with large amount of data.

To overcome these limitations, we, in this work, propose a
Convolutional neural network- Long-short term memory (CNN-
LSTM) based attention pooling network, which is trained for
speaker identification. Recently, CNN based models showed
the state of the art results for speaker verification task, partic-
ularly in low resource conditions [22]. This motivated us to
consider the CNN layers for the primary network. In any neu-
ral network, a typical attention layer gives higher weightage
to the region in the data, which contributes more to the net-
work for target application [23]. It is well established in the
literature that such attention layer in speech applications gives
higher weightage to the speech regions than the noise regions of
speech data [24]. We considered LSTM layers for the attention
network to provide the full context for deciding the weights.
Seyedmahdad et al. [24] showed that an attention layer helps
in emotion recognition, by effectively weighing the speech re-
gion over a non-speech region of the data. Similarly, a typical
attention based DNN model trained for neutral speaker identifi-
cation can provide information for the speech region. However,
it may not perform better compared to a model trained directly
for VAD. But we find that attention weights from a CNN-LSTM
based attention pooling model trained to classify speakers us-
ing whispered speech could do WAD better than the baseline
method considered for WAD. The WAD experiments compris-
ing 186 speakers’ whispered speech data reveal that the pro-
posed method performs better than the best baseline method.

2. Proposed WAD system
Fig 1 (a) shows the proposed CNN-LSTM attention model
based WAD system. The CNN-LSTM based attention pooling
network is trained for speaker identification task, as shown in
Fig 1 (b). Given an input speech, the output weights from the
LSTM based attention block in Fig 1 (b) is passed through a
post-processing block shown in Fig 1 (c) to make a WAD deci-
sion. The details of each of these blocks are given below.

2.1. Feature extraction

Given a speech signal, 24-dimensional log-filterbank features
[22] are computed using a window of length Tw with a shift Ts.
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Figure 1: Block diagram of the proposed CNN-LSTM attention
pooling network based WAD system is shown in (a), the block
for CNN-LSTM based speaker identification is shown in (b), the
block for LSTM attention weights processing is shown in (c).

2.2. Training of CNN-LSTM based speaker identification
network

In the training phase, we considered the whispered speech data
from the n speakers. In a CNN-LSTM attention pooling block,
the LSTM based attention block computes the weights for N
frames in the whispered speech file.

K =

N∑
t=1

wtft (1)

Here the output from the LSTM block (wt) weighs the output
sequence from the CNN block (ft) to obtain weighted pool-
ing vector K. The resulted pooled vector is given as an input
to two fully connected DNN layers, known as the classifica-
tion network. A categorical cross-entropy loss is computed at
the end of the classification network, using the softmax activa-
tion for the n-class classification. This loss is backpropagated
to train both the LSTM and the CNN blocks. The CNN block
contains three sequential CNN layers with relu activation along
with the average pooling layers. The LSTM based attention
block contains two LSTM sequence-in and sequence-out lay-
ers along with an average pooling layer to match the number
of frames of the CNN block output. The classification network
block contains two fully connected layers with relu and soft-
max activation. The implementation details of the CNN-LSTM
attention network are given in Fig 2.

2.3. Post-processing of LSTM attention weights for WAD
decision

Given a test noisy whispered speech utterance, we compute fea-
tures, which are passed as input to the LSTM block to obtain
weights (between 0 and 1) for each frame. We have used these
weights along with a post-processing block to make a WAD
decision. There could be better post-processing methods that
may require training with large annotated data. However, we
have considered a simple approach requiring a small amount of
annotated data. In this paper, we refer to the proposed Atten-
tion Pooling Weights based WAD as APW. Fig 1 (c) shows the

        Layer parameters/Nodes

CNN Architecture 

1) CNN 1, Avg. pool 1
2) CNN 2, Avg. pool 2
3) CNN 3, Avg. pool 3

LSTM based Attention

1) LSTM 1
2) LSTM 2, Avg. pool 4

classification Network

1) DNN 1
2) DNN 2

(filter size, channels), pooling size

       Nodes, pooling size

(3×3, 20), 2×1
(3×3, 20), 1×2
(3×3, 20), 2X1

24
1, 4×1

60
Num. Speakers

Figure 2: Implementation details of the proposed CNN-LSTM
attention pooling network

post-processing block used for making a WAD decision. Details
about all the sub-blocks are provided below.

2.3.1. Median filter

A median filter of M frames length is applied to the input
weight vector (wt) to smoothen the weight vector. This is done
to avoid abrupt variations in the weight sequence. The median
filter output is denoted by y.

2.3.2. Binary Quantization (BQ)

The binary quantization block converts the median filtered
weights to either 0 or 1 based on a given threshold. For ex-
ample, the output, y1, of the BQ with threshold n1, for the input
y, is given by, y1(i) = 1, if y(i)>n1, zero otherwise. Similarly
y2, y5, y6 are also computed for the corresponding inputs, y, y3,
y4 with the thresholds n2, q1, and q2, respectively.

2.3.3. Moving Average Window (MAW)

In this block, a moving average window of size 1 second with-
out any overlap is applied separately on y1 and y2, where each
sample in the MAW is replaced with the average of all the sam-
ples in it. MAW block converts frame level decision to window
level decision denoted by y3 and y4 corresponding to inputs y1
and y2, respectively.

2.3.4. Summation

This is a frame-wise binary addition (logical OR) applied to y5

and y6. The output of this summation block is used for mak-
ing a WAD decision, i.e., a frame with value one represents the
whispered speech, and zero corresponds to the silence.

3. Experiments and results
3.1. Database

In this study, we have considered three different databases: (i)
CHAINS [25] corpus contains 36 speakers, among them 28
are from the Eastern part of Ireland and the remaining eight
speakers are from the UK and the USA. The CHAINS data was
recorded in six different modes, including Synchronous, Fast,
slow, whispered speech, etc. However, we have considered
only whispered solo speech of 10 recordings from each of 36
subjects recorded at 44.1kHz. (ii) wTIMIT (whispered TIMIT)
[26] dataset comprising 28 North American and 20 Singaporean
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Database Num. of Speakers Recordings/speaker
Female Male Normal Whisper

wSPIRE 41 61 - 50
wTIMIT 24 24 - 40
CHAINS 16 20 - 10

Table 1: Number of male/female speakers and recordings per
speaker for all three databases considered in this work.

speakers, each speaking 450 utterances, both in whispered and
neutral speech recorded at 44.1kHz. Although we have 450 ut-
terances per speaker, we only considered 40 whispered speech
utterances from each speaker to avoid class imbalance problem.
(iii) wSPIRE database is an in-house recorded data containing
102 speakers, each speaking 50 sentences in neutral and whis-
per mode. This data is recorded parallelly across five recording
devices. However, recordings from only two devices (ZOOM
recorder [27], Moto G5 mobile) are considered for the experi-
ments. These speakers are distributed across 13 dialect regions
of India. We considered 50 whispered speech utterances from
each of the speakers. Details of the number of male and female
speakers and recordings per speaker are given in Table 1.

Although all three databases have both neutral and whis-
per, we considered only whispered data for this experiment.
To experiment on different noise conditions, we considered the
NOISEX-92 data set [28]. We considered a total of 8 different
noises similar to the work by Nisha et al., [20], among which
four were used for the training (namely Destroyer engine (DE),
Factory (F), Machine (MC), and Pink noise (PN)). The other
four (Hfchannel (HF), Machine gun (MG), Speech babble (SB),
and white noise) were used for the testing. We resampled all the
recordings to a sampling frequency (fs) of 16kHz.

3.1.1. Baseline method (LTLEV)

The LTLEV based WAD [20] is used as the baseline for the ex-
periments. We have not used the work by Raeesy et al. [13] as a
baseline because our motivation is to detect whispered speech in
high noise conditions, and, also, because of the non-availability
of far-field whispered corpus. In the LTLEV method, the au-
thors proposed a feature based on long-term log energy varia-
tion (LTLEV) [20]. In the training phase, given a noise con-
dition, an optimal sub-band sequence is obtained using an au-
tomatic sub-band selection algorithm. In the test time, a given
whispered utterance is filtered by the obtained optimal sub-band
filter, then LTLEV features are computed using the filtered sig-
nal. Using a learned threshold with LTLEV, the WAD decision
is obtained.

3.2. Experimental setup

We considered two experimental setups. In the first experimen-
tal setup (Ex-1), we have used only clean speech data for the
training and tested on four noisy conditions with different lev-
els of signal to noise ratio (SNR), namely, -10dB, -5dB, 0dB,
5dB, 10dB, 20dB, and 30dB. In the second experimental setup
(Ex-2), we have used clean speech and their noisy versions for
the training with additive training noises at SNRs , unseen to
testing SNRs, namely, -5dB, 0dB, 5dB, 10dB, 15dB, 25dB to
make the training robust to noise variations. Testing for Ex-2 is
done in a maner similar to that for Ex-1.

For the training in the Ex-1 setup, we used 80 speakers from
the wSPIRE database with 40 whispered speech utterances from
each of them, as well as 40 whispered speech utterances from
each of 48 speakers from the wTIMIT database. In the Ex-2

Test cases Testing conditons and (Data)

1A Seen subject & environment (remaining 10 utter-
ances from the 80 training speakers of wSPIRE )

1B Unseen subject & seen environment (10 utterances
from the remaining 22 speakers of wSPIRE)

2 Unseen subjects & environment (10 utterances of
36 speakers from the CHAINS database )

3
Seen subjects & unseen device (10 utterances of 80
training speakers from the wSPIRE recorded using
Moto-g5)

4
Unseen subjects & device (10 utterances of 22
speakers from the wSPIRE recorded using Moto-
g5)

Table 2: Different testing conditions and the type of data used

Figure 3: Results for the experimental setup 1 (Ex-1), for all
test cases including four testing noises with varying SNR values
from -10dB to 30dB

setup, we used the whispered utterances identical to those of Ex-
1 but with noises added. The baseline method LTLEV requires
optimal sub-band estimation for particular noise conditions. To
compare the proposed method with the best possible combina-
tion in the baseline, we computed optimal sub-bands for all four
training noises. For every test case, we computed performance
using these four optimal sub-bands, and reported the best re-
sult for every test case. In the training stage, we consider only
wSPIRE data recorded using a ZOOM recorder. Another par-
allel recording of the wSPIRE (Moto-g5) database is used for
testing to evaluate the performance of the proposed (APW) and
the baseline (LTLEV) methods on unseen device conditions. In
the proposed method, 20% of the training data is used for the
validation set.

For test data preparation, we combined ten utterances of
whispered speech from a speaker with in-between silence of
randomly chosen duration ranging from 1 to 2 seconds. Dif-
ferent test noises are added to this silence-appended speech file
with varying levels of SNR. In the testing phase, we consid-
ered five different test cases indicated as 1A, 1B, 2, 3, 4 in both
Ex-1 and Ex-2. These test cases indicate different testing con-
ditions. In each test case, we have added four test noises (white,
HF, MG, SB) with different levels of SNR. Table 2 shows the
details of the testing conditions in each test case.

We extracted log-filterbank features using Tw = 25ms, and
Ts = 10ms, and we have used M = 10 in the median filter. The
thresholdings used in the post-processing step are obtained us-
ing the grid search to maximize accuracy on the validation set
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Figure 4: Results for the experimental setup 2 (Ex-2), for all
test cases including four testing noises with varying SNR values
from -10dB to 30dB

(20% of the training data), which are n1 = 0.91, n2 = 0.8, q1=
0.1, and q2 = 0.5. We have implemented the proposed network
in tensorflow [29] and keras [30]. We have optimized the cate-
gorical cross entropy loss using adam optimizer [31], until the
validation error increases.

In these experimets, we have used cumulative accuracy (ra-
tio of the number of correctly classified frames to the total num-
ber of frames) to measure the performance, which is denoted as
CWAD [20].

3.3. Results and discussion

Fig 3 shows the CWAD from the Ex-1 setup with all combi-
nations of test cases with testing noises added at varying SNR
values. We can observe from Fig 3 that baseline LTLEV per-
forms better in test cases 1A, 1B, compared to the remaining
test cases, where the testing environment is unseen to train-
ing. However, in almost all cases, the proposed APW method
showed an improvement over the baseline. The CWAD value
from LTLEV for test cases 3, 4 is between ∼ 39% to 61.2%,
which is a very low for two-class classification. This is prob-
ably due to the fact that the optimal sub-bands for the training
and testing conditions are different. Hence, the baseline LTLEV
does not perform well under unseen noises and environmental
conditions. On the other hand, the performance drop from the
1A, B to 3, 4 for the proposed APW is less compared to that for
LTLEV making the proposed WAD method robust to different
testing conditions. Particularly, for high noise conditions such
as at -10dB SNR, APW based WAD showed an improvement
of ∼9%, ∼10%, ∼12%, ∼19%, ∼21% over the LTLEV for the
test types 1A, B, 2, 3, 4, respectively, averaged across all testing
noises.

Fig 4 shows the CWAD from the Ex-2 setup with all com-
binations of test cases with testing noises added at varying SNR
values. Even after considering the four different sets of optimal
sub-bands and retaining the best combination, the performance
improvement showed by the baseline is not significant over that
in Ex-1. However, the augmentation of noises in the training
data resulted in a decent improvement for APW. Particularly, for
1A test case, CWAD value reached as high as ∼96%. For the
Ex-2 test cases 3, 4, APW showed an improvement of ∼3.6%,
∼4.2% compared to Ex-1. At high SNR such as 30dB, for test
cases 1A, B, where the training testing conditions are similar,
LTLEV performs on par with the proposed APW.

Among the different testing noise conditions, LTLEV per-
formed better on SB, HF noises. On the other hand, the pro-

Figure 5: A sample test file (a) waveform with added white noise
at 0dB SNR to the first three test utterances, and at -10dB, SNR
to the last two test utterances (b) corresponding spectrogram,
(c) weights from the LSTM based attention block, (d) WAD de-
cision, obtained from the Baseline method (black-dot-dashed),
(e) WAD decision, obtained from the proposed method (black-
dashed), for both (d,e) ground truth is in red.

posed APW performed the best for MG noise, and the lowest
performance for SB noise. This could be due to the nonstation-
ary nature of the MG noise, where the LSTM block learned to
avoid these regions. With the noise augmentation during train-
ing, the proposed APW method showed the maximum average
improvement of ∼7% for the white noise. The difference in the
performance of the proposed and baseline methods is observed
for MG noise testing at -10dB, which is as high as ∼22% for
test type 4.

Fig 5 shows a sample prediction by the proposed method
as well as the baseline scheme. In this, the third row shows the
weight sequence obtained from the LSTM network. We can ob-
serve from the Fig 5 that the proposed method’s prediction is
very close to the ground truth, for an SNR of 0dB (first three
utterances in the illustrated example). The prediction deviates
slightly from the ground truth for the low SNR case (last two
utterances in the speech file, which is -10dB). However, the
proposed method showed significant improvement over LTLEV
even at a very low SNR, such as -10dB. This is evident by com-
paring Fig 5(d) and 5(e).

4. Conclusion
In this work, we proposed a whisper activity detection (WAD)
method using the attention weights obtained from a CNN-
LSTM attention pooling network trained for speaker identifi-
cation. This is the first attempt on WAD using the neural net-
works based methods, and the proposed method outperformed
the state-of-the-art results for the WAD in different additive
noises and environmental conditions. The proposed method’s
key advantages are its robustness towards the varying noise and
recording conditions and its ability to train on limited annotated
data. In contrast, the existing baselines require the training data
to be annotated with whispered speech regions. Thus the per-
formance of the proposed method can be further improved with
the addition of annotated data. For future work, we want to ob-
serve how the proposed method performs when trained for other
speech tasks, such as gender classification.
Acknowledgement: We thank the Department of Science &
Technology, Government of India for their support.
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