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Abstract—This paper proposes a novel framework to actively
use pop noise, which is unconsciously caused by human breath,
for noise-robust automatic speaker verification (ASV). Recently,
supervector-based or i-vector-based approaches have been
achieved significant improvements for robust ASV systems.
However, the performance of the approaches is generally degraded in noisy environments, when types of noise and/or signalto-noise ratio (SNR) are unknown in particular. This paper focuses on the use of pop noise that is expected to include the information on both noise signals and speaker characteristics. To
evaluate the effectiveness of the proposed framework, ASV experiments under typical noise environments are conducted. The
results show that the proposed ASV framework with pop noise
can improve the performance even though the noise conditions of
the training data, e.g. types of noise and/or SNRs, are different
from those of the test data.
Keywords—automatic speaker verification; noise robustness;
pop noise; UBM-GMM

I. INTRODUCTION
Automatic speaker verification (ASV) which uses only
speaker's voice samples is well known as a useful biometric
authentication approach. Recently, the performance of ASV
systems has been improved by the i-vector [1] or PLDA [2-4]
approach, and a lot of articles regarding the state-of-the-art
schemes have been published to show the potential to support
mass-market adoption [5]. However, the performance of the
ASV systems in real commercial and forensic applications is
degraded by the influence of background noise. Thus, one of
the most important challenges in the area of ASV is to make
the system robust towards its acoustic environment [6-12].
Many approaches dealing with noise robustness have been researched [13, 14], such as spectral subtraction [15, 16] and
Wiener filter [17-19]. However, when types of noise and/or
signal-to-noise ratio (SNR) are unknown in particular, the performances of the ASV systems are still insufficient [20, 21].
Since pop noise in speech is a well-known distortion, occurring when human breath reaches directly a microphone, pop
noise suppression techniques have been proposed to reduce its
influence. On the other hand, statistical model based speech
synthesis or voice conversion systems have considered that
breathing contains some specific information of a speaker [2224]. Moreover, it has been reported that the performance of
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Fig. 1. Waveforms recorded by using two headset microphones. Only the
waveform recorded without any pop filter has pop noise.

ASV system is improved by using pop noise actively [25]. This
paper has been inspired by this insight that pop noise has the
information of both a speaker and non-stationary noise. Thus,
this paper focuses on the use of pop noise to achieve noiserobust ASV systems.
To evaluate the robustness of the proposed framework, a
new database including pop noise is constructed. A model with
pop noise is estimated by using the database. Using the new
database, it is observed that the equal error rate (EER) of the
proposed model is 15.1%, which is lower than that of the noise
matched condition models at 0dB SNR. Comparing the proposed model with conventional noise reduction methods, the
proposed model provides good EERs at several SNRs. From
these results, the pop noise is able to contribute the noiserobustness of the ASV systems.
This paper organizes as follows: In section 2, the characteristics of pop noise are described, and the details of the designed
database are illustrated in section 3. Section 4 shows experimental results, and finally section 5 gives our conclusions and
future work.
II. CHARACTERISTICS OF POP NOISE
A. Speaker individuality of pop noise
Characteristics of spontaneous speech can be classified into

(a) With pop filter

Fig. 3. The flow of recording a speech.

(b) With pop filter
Fig. 2. Spectrograms of a speech recorded by using two headset microphones.

paralinguistic cues, disfluency patterns and reflection phenomena [26]. real speech, but are always present in spontaneous
speech. Especially, breathing could contain speaker's some
specific information. Fig. 1 shows the difference of waveforms
that were simultaneously recorded by two headset microphones,
where one was with a pop filter and the other was without any
pop filter. The pop filter usually serves to reduce the influence
of breathing [26, 27], and hence the waveform in Fig. 1 (b)
includes a distortion due to the influence of breathing. The distortion has been conventionally regarded as a noise and suppressed from speech signals. However, statistical based speech
synthesis and voice conversion systems have considered that
breathing contains specific information of a speaker [23, 24,
26]. Moreover, it has been reported that the performance of
ASV systems is improved by using pop noise actively [25].
B. Noise robustness using pop noise
A noisy signal Y is represented as the resultant vector of a
speech vector X and a background noise vector N :
Y (s) = X (s) + N,

(1)

where s denotes a speaker ID. By contrast, a speech signal Y
including pop noise is represented as the resultant vector of a
speech vector X and a pop noise as below:
Y (s) = X (s) + PN (s),

(2)

Since the phenomenon of the pop noise vector PN depends on
each speaker, PN has the information of both a speaker and
non-stationary noise. Thus, this paper focuses on the use of pop
noise to achieve noise-robust ASV systems. Fig. 2 compares
the spectrogram of a recording with a pop filter to that of a
recording without any pop filter. It can be seen that the energy
of very low-frequency is strongly affected by pop noise. Thus,
the speaker dependent (SD) model estimated with pop noise is
able to capture low-frequency components such as environmental noises, and thereby the noise robustness of the ASV
system with pop noise is improved.
III. SPEECH DATABASE WITH POP NOISE
Since the standard speech database such as the NIST data-

Fig. 4. Headset microphone with a pop filter (right) and that without any pop
filter (left).

base [28] has not been recorded any speeches including pop
noise,we design a new speech database including pop noise. In
order to design the database with pop noise, two kinds of microphones, in which one is with a pop filter and the other is
without any pop filter, are simultaneously used to record
speeches. Fig. 3 shows the flow of recording a speech via the
two microphones. We use the headset microphones (SHURE
SM10A-CN) for designing the database shown in Fig. 4 Since
the headset microphones are supposed to be used in the close
distance to speaker's mouth, they are generally designed to
have robustness of breathing. Nevertheless, the speech of the
headset microphones without a pop filter includes some pop
noise as shown in Fig. 2 and 3. The number of speakers is 17
and all speakers are female. Each speaker speaks
100~sentences. Half of the sentences are common sentences
and the other half are selected at random from Japanese Newspaper Article Sentences (JNAS) [29], which is one of the
standard database for speaker and speech recognition research
area in Japan. The common part is used to measure the balance
of phonemes, and the other part is restricted to only short sentences.
Noises used in our experiments are from the JEIDA noise
database [30]. Two kinds of noise samples, i.e. automobile
cabin (car) and exhibition hall, are used from JEIDA. The car
noise is more stable than the exhibition hall one, and the exhibition hall noise includes some voices. The noisy speech samples are prepared by adding selected noise samples to recorded
samples at various SNRs (0, 5, 10, 15, 20 and 30dB). The artificially distorted speech samples are created by using Filtering
and Adding Noise Tool (FaNT) [31].
IV. EVALUATION EXPERIMENT
To evaluate the noise robustness of pop noise, the speaker
verification experiments are conducted. All SD models are
estimated by using UBM-GMM framework [32].

TABLE I.

EXPERIMENTAL CONDITIONS

Training data
(Speaker dependent model)
Test data
Database for UBM
Training data for UBM
GMM mixtures
Sampling freq.
Bit rate
Frame length
Frame shift
Features

70 sentences × 17 speakers
(1190 sentences)

30 sentences × 17 speakers
(510 sentences)
JNAS (female)
23657 sentences
1024
16 kHz
16
25 ms
10 ms
MFCC 19 order + Δ + ΔΔ
(a)

A. Experimental conditions
Table 1 shows the experimental conditions. The database
described in section 3 is used for estimating SD models. The
database has two channels for every sentence, and thus each
channel is represented by the combination of an alphabet and a
number; such as “H0” or “H1”. The alphabet “H” means the
headset microphone, and the number “1” or “0” indicates
whether a pop filter is used or not. The “proposed model”
stands for SD models estimated with pop noise (H0 data).
When the noise level and type are previously known, the
SD model is able to be estimated with the matched condition
to test data, and the performance is easily improved (MC
model). In the first experiment, the matched condition models
estimated with H0 channel data (MC(H0)) and with H1 channel data (MC(H1)) are compared with the proposed model.
To realize reliable ASV systems under noisy environments,
the use of noise reduction technique becomes one of the solutions. Therefore, the second experiment investigates whether
the proposed models provide better effect on the noise robustness than the noise suppression techniques or not. For this
experiment, the Wiener filter based noise reduction methods,
the decision-directed (DD) [18] and the Two-Step Noise Reduction (TSNR) [19] methods, are applied to the test data. It
has been reported that these algorithms can estimate reliable
SNR by preserving the onset and offset of a speech [33, 34].
To calculate equal error rates (EERs) for every experiment,
Z-Norm [35] is used as one of standard score normalization
methods for likelihood ratio scoring below:
SZN(X, ) =

S(X, )－I

I

,

(3)

where S(X, ) denotes the likelihood ratio score derived from
the input data X, the SD model U and the imposter speaker
model I. I and I represent the mean and variance of the
likelihood ratio score against imposter speech.
B. Experiment results
Fig. 5 (a) and (b) show EERs at each SNR under the car
noise and the exhibition hall noise, respectively. Clean represents that no noise is added to the test data. Compared the proposed model with MC(H1), the EERs of the proposed model
are lower than those of MC(H1) at all SNRs under the car
noise. The EERs of the proposed model are also lower than
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Fig. 5. Experimental results of comparing the matched condition models with
the proposed model.

those of MC(H0). These results indicate that the proposed
model considering pop noise can improve the noise robustness,
without estimating environmental noise. The EERs of the proposed model in the exhibition hall have almost the same as
those in the car noise. These results illustrate that the SD model estimated with pop noise has robustness against background
noise, even though the noise is unknown. On the other hand,
the EERs of MC(H1) are almost same as those of MC(H0) in
both the car noise and the exhibition hall one. Even though
MC(H0) model includes some pop noise features, the EERs of
MC(H0) obtained no improvement. It can be considered that
the pop noise for MC(H0) is treated as with background noise.
From these results, when the pop noise signal is specifically
different from the speech signal and the background noise, the
pop noise components in the SD model are able to behave like
accepting noise signals. Since the phenomenon of pop noise is
regarded as a non-stationary noise, the components of pop
noise are represented as a complex noise distribution. Hence,
the proposed model can improve the performance under several SNR levels and types of background noise.
Fig. 6 (a) and (b) denote the EERs of the proposed model
and the noise reduction methods (DD and TSNR). From Fig. 6
(a), the three methods have almost same EERs under the car
noise environment. The Wiener filter based noise reduction
methods, i.e. the DD and TSNR methods, are applied to the
test data, where the test data for the proposed model is without
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Filter processed noisy speech

Fig. 7. Spectrograms of a clean speech, the noisy speech and the speech
filtered by the DD method without any pop filter. The noisy speech is
prepared by adding the exhibition hall noise at 0dB SNR. Filtering a speech
with the DD method reduces the effects of pop noise.
(b) Exhibition hall noise
Fig. 6. Experimental results of comparing the noise reduction method by
Wiener filtering with the proposed model.

any kind of noise reduction methods. This result indicates that
the proposed model can reduce some noise influences as a
noise reduction method. Additionally, in the exhibition hall
noise (Fig. 7 (b)), the EER of the proposed model achieves
15.1% at 0dB SNR. Since the error reduction rates from the
DD and TSNR methods are respectively 35.0% and 32.5%,
the use of pop noise at low SNRs improves the ASV performance very well. The original speech data is deteriorated with
a noise reduction filter, and the filter may degrade the ASV
performance. On the other hand, the proposed model can actually evaluate the original test data without any filter, and thus
the ASV system using pop noise can achieve this improvement. Fig. 7 shows the spectrograms of a clean speech, the
noisy speech and the speech filtered by the DD method. It is
observed that the pop noise and speech spectrograms of Fig. 7
are degraded by the DD method based filtering. It is considered that the performance of the ASV system is able to effectively improve by using pop noise.
V. CONCLUSION
This paper focused on the use of pop noise to achieve
noise-robust ASV systems. To investigate the effectiveness,
the ASV system using pop noise was constructed. A new database including pop noise in speech signals was designed and
the evaluation tests under the car and exhibition hall noises

were carried out. The experimental results showed that the use
of pop noise improves the noise robustness without estimating
models for specific noise condition or using noise reduction
methods. Only UBM-GMM experiments were carried out for
the preliminary investigation in this paper. However, the stateof-the-art ASV systems, such as i-vector or PLDA, should also
be carried out to show the effectiveness of pop noise in the
near future. We expect that the effectiveness of pop noise may
become less but obtain better results because the i-vector
framework is based on UBM-GMM models. Since the new
database was designed for preliminary investigations, the
amount of data will be also increased for future work.
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