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Abstract. In this work, a study about the relationship between speech
Quality Measures(QM) and speaker recognition performance is presented.
To accomplish this, four objective non-intrusive QMwere selected (KLPC,
KCEP, HD, P563), based on the relationship between their features and
the speaker recognition process. Experiments were performed in a male
speech corpus in several additive noise conditions. Statistical analysis
about the data distributions related to quality, signal to noise ratio and
speaker recognition scores were carried out. Interesting conclusions were
obtained regarding the relationship between QM and speaker recognition
scores for 20 noisy environments evaluated.
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1 Introduction

The distortion caused by environmental noise in the speech signal changes their
behavior in any representation domain. Therefore the speech features used for
the Speaker Recognition (SR) task are also modified. When intelligibility is the
target, it is well known that noise reduces the speech quality [1]. However, speaker
discriminative features are more important than intelligibility in the speaker
recognition process. Then, how does the quality of speech signal has an effect
on speaker recognition performance? In this work we evaluate the relationship
between the speech QM and the speaker recognition performance.

Speech has a large number of features [2]. In this context quality can be defined
as a weighted sum of them, where the importance of each feature in the quality
is related to the application [3]. Although intelligibility is the most important
speech quality aspect for cochlear implants or speech recognition applications,
in speaker recognition the integrity of the speaker discriminative information is
more important. Additive noise can introduce high levels of degradation in speech
signal, severely damaging its quality. When speech is recorded in a room without
good acoustics conditions, all the environmental noises can be added to the signal
during the adquisition process. This incident is very frequent in SR applications,
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because they are usually located in uncontrolated environments. Therefore, the
speech quality may be used as a prior estimation of the system performance
before the execution in applications such as access control, authentication or
forensic investigations.

There are two ways for determining the quality of a speech sample: subjec-
tively, where a group of experts listen to the recordings and score within a
predefined scale, and objectively, where an equivalent quality value is obtained
automatically. The objective measures are classified as intrusive or non-intrusive
depending on whether a sample of the original speech signal is needed or not. In
SR application such as biometric authentication and forensic systems, the orig-
inal signal is frequently unavailable. Hence, in this work we are going to focus
on non-intrusive quality measures. In this framework previous works presented
quality measures for predicting the subjective quality of speech signal such as
ITU-T P563 recommendation [4]. Other methods are related with noise esti-
mation, including SNR [5], the Histogram method [6] and Harmonicity Distance
(HD) [5]. Despite the simplicity of these measures the analyzed samples can hold
high vocal activity and not enough segments with silence to estimate noise. On
the other side, methods based on speech statistical behavior have been proposed,
such as Skewness and Kurtosis applied in temporal and cepstral domain [7] [8].
Other approaches are based on statistical models [8] [9], employing undegraded
speech models to define the quality. Furthermore the analysis of the vocal tract
is used in [4] to compute the speech quality. These techniques define rules of
behavior of the vocal tract and then compare it with processed signal.

In this work we selected four QM of the bibliography for computing the quality
and evaluate its relation with SR performance. They were tested in a NIST 2001
framework in several noisy conditions. Besides the theoretical bases of two of the
QM selected were not found in the state of the art. The next section describes
the set of QM selected as the most representative for SR task. The accuracy
of the QM detecting the noise level and the relation with the SR results are
discussed in section 3. Finally some conclusions are drawn in section 4.

2 Quality Measures Selection

Firstly, P563 was selected because it evaluates a great deal of signal properties
that are representative of each of the remaining types of QM. HD was chosen
from the methods related to noise estimation in the signal. This measure de-
termines the SNR based on the fundamental frequency, which has speaker dis-
criminative information. Finally, from the speech statistical group the Cepstral
Kurtosis (KCEP) and the Linear Prediction Kurtosis (KLPC) were selected as
these were based on voice settings that are usually used in the SR. All of them
are described below.

2.1 ITU-T P563

This ITU standard evaluates 51 parameters over the speech signal in a MOS
subjective scale [4]. This method has been designed for communication
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systems, nevertheless because it evaluates several acoustic features for detecting
the amount of noise in the speech, it will be interesting to analyze its perfor-
mance in a SR framework. The methodology used to measure the quality with
P563 is divided into three blocks: analysis of vocal tract and voice distortion;
analysis of noise: Reduced static SNR (basic level of background noise), SNR
for small segments (noise associated with the signal envelope) and analysis of
distortions interruptions, mutes and temporary clippings [4].

2.2 Harmonicity Distance (HD)

HD computes a ratio between the energy of the most significant areas for the
SR system: harmonics of the pitch and valleys between them (Eq. 1). This value
rises with the increment of the difference between peaks and valleys, defining
how clean the signal is. In the spectral regions affected by noise, energy increases
filling the valleys, which causes a decrease of HD.

To determine the distortion of the harmonic structure of the voice, this mea-
sure defines a function relating the harmonics power and the power between
them.

HD =
1

NH ∗Nframes

∑

Nframes

NH∑

k=1

10 log
Pk + Pk+1

2Pk,k+1
(1)

Where Pk is the power at harmonic k, Pk,k+1 is the power between harmonics
k and k+1,NH is the number of harmonics andNframes is the number of speech
frames [5]. See that HD is only obtained from voiced frames because these are
the ones that have pitch and therefore the harmonics. Consequently it is firstly
necessary to determine the voiced areas in signal. Finally, it should point out
that the power ratio expressed in Eq. 1 rises with SNR, hence, for this measure
an increment of the values with SNR is expected.

2.3 Cepstral Kurtosis (KCEP)

The kurtosis is a measure of the probability distribution shape of a real-valued
random variable. With the increment of kurtosis the peakedness of the distribu-
tion increases, therefore samples are mainly concentrated around a specific value.
In this case the kurtosis is applied to the distribution of Mel Frequency Cepstral
Coefficients (MFCC). This QM is based on using the shape of the MFCC distri-
bution as noise degradation indicator. In each frame P coefficients are obtained,
then the kurtosis is determined as follows:

kcep =
1

P

P∑

p=1

(
Cp− 1

P

∑P
p=1 Cp

σ
)4 (2)

Where σ is the standard deviation of the coefficients in the segment, Cp are
the cepstral coefficients and P the number of coefficients. Finally all kurtosis
values obtained for each frame of speech in the signal are averaged. To compute
kcep the non-speech segments were removed using a voice activity detection
based on energy.
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The additive noise corruption in speech increases the spectral energy in the
components related to noise, causing greater variation in the spectral energy dis-
tribution. This is reflected in the PSD and later in the MFCC coefficients. Figure
1 shows PSD of a speech segment corrupted with colored street noise for SNR =
5 and 20 dB (this behaviour illustrated in a single segment is similar for the rest
of the signal frames). For SNR = 20 dB, the PSD has higher power levels at low
frequencies, which decreases at high frequencies.For SNR = 5 dB the increment
in he noise frequency components power produce higher values in the Mel spec-
tral power, resulting shape changes of the Mel spectrum, PSD became flatter.
Therefore, PSD modifications are reflected in the MFCC distribution. MFCC
are computed through IDCT, which reflects the shape of the signal expressed
in cosine functions [10]. The coefficients magnitude reflects the similarity of the
signal with the basis functions. Thus, C1 represents the decrease in the slope of
the signal, C2 became more negative reflecting the tendency of a cosine cycle
and C3 increases, representing the tendency to a cosine cycle shifted 90 degrees.
Consequently MFCC distribution is scattered, decreasing the KCEP for noisy
speech (See KCEP values in figure 1).
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Fig. 1. Speech segment with street noise at SNR = 0 and 20 dB

2.4 Linear Prediction Kurtosis (KLPC)

Similar to the previous section, this QM uses the distribution shape as degrada-
tion indicator but targeting the LP Coefficients (LPC). For computing KLPC
equation 2 is used, substituting Cp for LP coefficients (ap). LP involves esti-
mating the speech samples from previous observations. When the sample is part
of a segment with a determined pattern, such as a periodic segment, only a
small reference is enough to predict the sample behavior. This is the case of the
voiced segment, when the predictor is in speech zones that are quasi-periodic,
prediction is almost entirely in the nearby areas, especially in the previous sam-
ple. Then the first coefficient (a2) will be close to −1 while the remaining will
have little influence on the prediction, with values close to 0. Therefore sym-
metric distribution with high concentration of values around the mean will be
obtained, resulting in high kurtosis values. In the presence of noise, the signal
loses periodicity and samples are not so predictable. Therefore, all ap are going
to participate in the prediction, taking different non-zero values. That produces
a spreading in the LPC distribution, with lower kurtosis values.
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3 Experimental Setup

For experiments, utterances from 100 speakers from NIST 2001 database in
Spanish were used, 50 for training and 50 for testing. For creating the environ-
ment utterances in testing set were electronically mixed with : white station-
ary noise, pseudo-stationary street noise, non-stationary babble noise, which is
highly correlated with voice because it is composed of voices of different speakers
and music noise which is non-stationary and highly harmonic, in 5 SNR levels
[11]. SR system was based on GMM-UBM approach [12].

3.1 Quality Measures vs. SNR

In order to assess the accuracy of the selected measures showing the amount
of noise in the speech, the relationship between quality measures and SNR was
analyzed. While the increment in SNR values implies removal of noise in the
signal, quality measures should improve with the increment of SNR. Figure 2
shows the mean values of the datasets obtained after the quality measurement
for the noisy environments.
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Fig. 2. Quality Measures vs SNR

HD green curves are rising with SNR for street and white noise, showing the
noise level through the QM. However, there is a slope change around SNR =
15 dB for babble and music noise, due to the non-uniform spectral presence of
colored noises. In theses cases, some harmonics and valleys are more corrupted
than others producing distortion in HD results. On the contrary, street and
white noise are more uniformed speech corruptions in the spectrum. Mainly in
the presence of white noise the spectral energy is equally changed by noise, the
ratio between harmonic and valleys is going to decrease showing the amount of
distortion in the signal.

P563 rises with SNR for white noise, nevertheless for babble, street and music
noise yellow curves change severely at 15 and 20 dB. This is caused by the noise
estimation block in the QM, which dumps incorrect values in samples with high
SNR resulting in a poor estimation of quality for these cases.

KLPC shows blue rising curves with SNR in all scenarios, demonstrating that
it is a very consequent measure with the noise level, achieving the best result
compared with the rest of the analyzed quality measures. Notice that for all
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kind of noises in SNR = 20 dB, curves reach different values of kurtosis, which
is related with the characteristics of noises and its influence in the signal.

KCEP produced red rising curves with SNR for most scenarios, however for
white noise it shows an inverse behavior. This due to the fact that white noise has
spectral energy in all components, when it is added to the signal, and it produces
the smoothing of the spectrum, i.e. the valleys between harmonics are filled.
Mel scale causes a considerable increment of the high frequency filters which is
reflected in the PSD, due to the logarithmic bandwidth(Figure 3). Therefore,
in MFCC there is a reduction of C1, caused by the slope inversion of PSD
curves in Mel scale due to the white noise. In the MFCC histogram there is high
concentration around 0, that is emphasized for the big difference imposed by C1
value. Then the KCEP will increase in noisy scenarios.
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Fig. 3. Speech segment with white noise at SNR = 0 and 20 dB

3.2 Quality Measures vs. Score

In order to assess the relationship between the QM and speaker recognition con-
sidering each comparison done by the system, the score is used. For each noise
and SNR level combination a correlation test was performed. The linear correla-
tion coefficient (R) was obtained as a measure of the linear relation between QM
and score. Columns 3 and 6 in table 1 show the average over SNR for these results.

Supposing that the improvement of speech quality should increase the score,
positive R values were expected. Nevertheless, values close to 0 and even negative
were obtained for several conditions, indicating low relation between QM and
score. Therefore additive noise is not the only factor that interferes in the speaker
recognition accuracy. Session mismatch is a main factor in this outcomes [13],
including also the differences among acquisition devices, communication chan-
nel effects, speaker mood, phonetic, etc. [14]. Also the speaker discriminative
information (SDI) in the test sample interferes too.

In order to remove session mismatch and uncertainty introduced by the amount
of useful information for the SR, isolating the additive noise as the source of
speech corruption, R was recomputed using the same samples for training and
testing the system. Also the scores and quality values were normalized with the
clean signal. Columns 4 and 7 in table 1 show the average over SNR for these
results. In this case R are bigger, indicating an increase in the linear relation
between QM and score. There was an increase of the correlation results in most
cases. In addition there was also a rise in the number of positive correlation
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values, suggesting that the low ratio obtained in columns 3 and 6 are closely re-
lated with the score as speaker recognition measure. Besides the additive noise,
the score is influenced by many more elements related to the characteristics of
comparison and the signal. Therefore, these two measures can not be linked
directly regardless of the other variables involved in the comparison. However,
results indicate that KCEP and P563 are the measures best related to the score
because they managed higher R values. The clouds shown in Fig. 4 correspond
to KCEP in case of street noise. Notice that matched session has a less scatter
shape and a tendency to grow with SNR, quite the opposite can be see in the
case of mismatched session.

Table 1. R for correlation between speaker recognition score and QM for noisy sce-
narios averaging over SNR

Noise QM
Mismatched Matched

QM
Mismatched Matched

session session session session

babble

P563

0.008 0,255

KLPC

-0,148 0,071
music -0.016 0,300 0,058 -0,129
street 0.141 0,316 0,009 -0,024
white 0.108 0,341 0,057 -0,182

babble

KCEP

-0,155 -0,01

HD

0,014 -0,022
music -0,053 0,234 -0,197 0,207
street -0,645 0,309 -0,042 0,087
white 0,067 0,295 -0,155 0,066
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Fig. 4. Scatter plot of QM vs Score for KCEP with street noise, in case of mismatched
and matched session (R̃ = average through SNR)

4 Conclusions

This paper presents a study on the relationship of voice quality measures and
speaker recognition results in noisy environments. Results from speaker verifi-
cation and QM computed in a noisy dataset were used. Regarding each QM
the evaluated results showed that: HD and P563 can reflect the noise level in
highly noisy conditions (SNR <= 10 dB), decreasing their performance for SNR
>= 15dB mainly for babble and music noise, while the QM based on kurtosis
can do it in most evaluated scenarios, except for KCEP in the presence of white
noise, whose behavior is opposite. However notice that this type of noise is not
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easy to find in a real application. Therefore it is recommended to choose QM
based on kurtosis for noise level detection (specially KLPC), while saving HD
and P563 for applications located in very noisy environments.

On the other hand correlation results obtained between QM and score were
moderate or low, showing that the QM-score relationship is not exactly linear.
Experiments showed that speaker recognition score is influenced by the session
mismatch (phonetic, type of channel) and the SDI in the analyzed sample. The
speech quality based on additive noise corruption is related to the SDI. In this
evaluation we could remove the session mismatch effect, therefore our next step
will be related to isolate the speech quality effect of SDI in the speaker recogni-
tion score. However at this moment we can use QM for having a notion of the
speaker recognition results. In the future it is intended to carry out an extension
of this analysis to large databases as well as use state of the art systems.
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