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Abstract
In-service, Non-intrusive Measurement Devices (INMD)
estimate the perceived quality of the telephone link by
extracting quality-defining criteria like echo attenuation,
echo delay, active speech level, noise level, frame losses
and transient failures from a telephone call. In addition,
the quality depends on the used digital transmission sys-
tems (codec systems). This paper proposes a method to
distinguish between two codec classes. With the help
of features determined from the speech signal, a classi-
fier decides about the class affiliation of the signal. The
recognition rate for signals with 16 seconds of active
speech is about 97%.

1. Introduction

An In-service, Non-intrusive Measurement Device
(INMD) [1, 2] extracts quality-defining parameters
from an existing telephone link without disturbing the
subscribers or even disconnecting the link. Such a device
serves as a network monitor. A large number of these
devices, placed in the whole network, can observe a
multitude of telephone calls. A central evaluation gives
evidence about the quality of service parameters of the
network. Classical parameters to be measured are the
noise level, the active speech level, and the echo loss
and delay. In modern networks also frame losses, packet
losses and cascading of different digital transmission
systems occur and impair the perceived telephone-link
quality. If there are no other disturbances, the quality
mainly depends on the used codec systems. For example,
a telephone link between a mobile subscriber and a fixed
network is normally worse than a pure fixed-network
telephone link. So the detection of the codec system
would be of great help to get information about the
perceived quality of the telephone link. In this paper
a classifier is presented which is able to distinguish
between two classes of codec systems with high recog-
nition rate. One class consists of low bit-rate codecs up
to 16 kbit/s, the other class sums up the codecs with bit
rates higher or equal to 16 kbit/s. The paper is organized
as follows: Section 2 deals with the database for the
experiments and the appearing transmission systems.
Section 3 presents the extracted signal features used by

the classifier. The classifier is explained in section 4.
Some results obtained with the classifier are presented
in section 5. Section 6 deals with further problems and
summarizes the paper.

2. Database and Transmission Systems

The database consists of three speech tests, placed at our
disposal by T-Nova Innovationsgesellschaft mbH, Berlin.
The first test is used for the training of the classifier. The
following codec systems are used in this test in 31 dif-
ferent arrangements (conditions) as single codec or in
cascade structures: G.711, G.726, G.728, G.729, GSM-
FR, GSM-EFR, and GSM-HR. The other tests serve as
a database for the verification of the classifier with over-
all 79 test conditions. There are also cascade structures
and additional coders like the IS-54 and the JDC-HR. Ev-
ery test is completly spoken by two female and two male
speakers. The binning for the classifier is specified by
Table 1.

Class 1 Class 2
Transmission Bit-rate Transmission Bit-rate

system system

G.726-16 16 kbit/s G.729 8.0 kbit/s
G.726-24 24 kbit/s G.723-6.3 6.3 kbit/s
G.726-32 32 kbit/s G.723-5.3 5.3 kbit/s
G.726-40 40 kbit/s GSM-HR 5.6 kbit/s

G.728 16 kbit/s GSM-FR 13 kbit/s
G.711 64 kbit/s GSM-EFR 12.2 kbit/s

IS-54 8.0 kbit/s
JDC-HR 3.4 kbit/s

Table 1: Binning for the transmission systems.

3. Signal Features

The aim of the classifier is to distinguish between the two
classes based on a feature vector extracted from the sig-
nal. For the extraction of features, the signalx(k) is di-
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Figure 1: Block diagram of the classifier.

vided into short blocks according to

xi(k) = x(k + i �M); i = 0 : : : N � 1; (1)

k = 0 : : :M � 1;

where N is the number of blocks and M is the block-
length. For each signal block that is chosen for the clas-
sification, a feature vector~mj is computed. The vectors
~mj form a matrixM:

M = (~m0 ~m1 ~m2 : : : ~mL); L �M: (2)

The classifier maps the signal to one of the two classes
according to a given rule using the matrixM (Figure 1).
To solve the classification problem suitable features are
necessary to distinguish the two classes. Therefore a
large number of features were examined. As the variance
of a feature within one signal can be very high (e.g., the
prediction gain in voiced signal-blocks is in general larger
than in unvoiced signal-blocks), the features are only cal-
culated for chosen signal blocks, e.g. the voiced signal-
blocks. The evaluation of a feature consists of three steps:

� Determination of histograms for the feature, sep-
arated for both classes. For example, the predic-
tion gain is computed for every voiced block of
a signal. The feature is rendered by calculating
the mean prediction gain over all evaluated signal
blocks. The two histograms are generated by the
mean prediction gains of all signals separated by
the two classes.

� Approximation of the two histograms by math-
ematical model distributions. For this approach
Gaussian distributions are used, described by the
mean values�C1

, �C2
and the variances�2C1

, �2C2

of the measured histograms. So the conditional
densities for the class 1 (C1) and class 2 (C2) trans-
mission systems for a feature are of the form

p(mjC1) =
1q

(2��2C1
)
e
�

1
2

(m��
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)2

�
2
C1 ; (3)

p(mjC2) =
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)2

�
2
C2 ; (4)

where m is the feature value, e.g. the mean predic-
tion gain for the voiced signal frames of a signal.

� Calculation of the theoretical error rate for the two
codec classes for a certain decision treshhold. The
theoretical error rate is a measure for the ability of
the feature to separate the classes.

In the following a selection of the examined features is
presented together with the measured histograms and the
calculated model distributions for the classes. The feature
is always the mean or the standard deviation of a signal
characteristic computed for a statistically relevant num-
ber of signal frames.

3.1. Prediction gain

To form a feature from the prediction gain [3] indepen-
dently of the signal-intensity range, the energy of each
evaluated signal block is normalized to one. Figure 2
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Figure 2: Analysis of the prediction gain for voiced-
signal frames.

shows the measured histograms as well as the model dis-
tributions for the mean prediction gain and the standard
deviation. On the average, signals belonging to class 1
show a lower mean prediction gain value than signals be-
longing to class 2. This feature separates the two classes,
whereas the standard deviation does not.

3.2. Difference of the prediction gain

For this feature the difference of the prediction gain of
two consecutive frames with unchanged coefficients of
the predictor for the two frames is considered. The distri-
butions for the mean value and the standard deviation are



 Eurospeech 2001 - Scandinavia

shown in figure 3.
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Figure 3: Analysis of the prediction gain of two consecu-
tive voiced-signal frames.

3.3. Spectral flatness

The results for the distributions of the spectral flatness [3]
are shown in figure 4.

3.4. Further features

Further features investigated in this work were the differ-
ence of the spectral flatnesses of two consecutive frames,
the relative spectral flatness, i.e., the relation between
the spectral flatness of low and high frequencies, and
the spectral correlation of consecutive frames. However,
these features show no class separation.

3.5. Feature evaluation

An indication for the probabilityWC1
respectivelyWC2

for a classification error can be calculated by evaluating
the Gaussian distributions according to

WC1
=

Z

p(mjC1)<p(mjC2)

p(mjC1)dm; (5)

WC2
=

Z

p(mjC2)<p(mjC1)

p(mjC2)dm; (6)

if the point of intersection of the two distributions in the
figures 2 - 4 is the decision treshold for the classifier. Ta-
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Figure 4: Analysis of the spectral flatness for voiced-
signal frames.

ble 2 shows the results for the tested features.

Features C1 C2

Prediction gain - me 12.35% 14.03%
Prediction gain - sd 36.28% 32.24%
Difference Prediction gain - me 12.14% 16.63%
Difference Prediction gain - sd 21.82% 26.47%
Spectral flatness - me 19.15% 8.96%
Spectral flatness - sd 26.97% 22.95%
relative spectral flatness - sd 14.03% 23.65%

Table 2: Theoretical error rate for the features
(me = mean, sd = standard deviation, short signals).

4. Gauss Classifier

For the classification, a statistical approach based on the
Bayes-rule is used. The classifier decides for the class
with the larger a-posteriori probabilityP (kj~m); k 2

fC1; C2g. In the present case the Bayes-rule [4, 5] leads
to

P (kj~m) =
P (~mjk) � P (k)

P (~mjC1) � P (C1) + P (~mjC2) � P (C2)
;

(7)

where ~m is the feature vector. In the continuous fea-
ture space the conditional probabilitiesP (~mjk) can be
replaced by the corresponding densitiesp(~mjk). For the
larger a-posteriori probability only the numerator in (7) is
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of interest:

e = max
k=C1;C2

fp(~mjk) � P (k)g (8)

For equal class probabilitiesP (k), formula (8) can be re-
duced to

e = max
k=C1;C2

fp(~mjk)g: (9)

In case of several features (dimension of~m greater than
one), the Gaussian model distributions change to their
multidimensional forms:

p(~mjC1) =
1

(2�)P=2detjKC1
j
1=2

(10)

� exp[�
1

2
(~m� ~�C1

)TK�1
C1

(~m� ~�C1
)];

p(~mjC2) =
1

(2�)P=2detjKC2
j
1=2

(11)

� exp[�
1

2
(~m� ~�C2

)TK�1
C2

(~m� ~�C2
)];

where ~m is the P-dimensional feature vector,~�C1
and

~�C2
are vectors containing the mean values of the fea-

tures, andKC1
andKC2

are the covariance matrices of
the features. They are calculated with the aid of the train-
ing database according to:

~�k = Ef~mkg; k 2 fC1; C2g; (12)

Kk = Ef(~m� ~�k)(~m� ~�k)
T
g; k 2 fC1; C2g:

(13)

Ef�g denotes expectation.

5. Results

Table 3 shows the classification-error rate for each single
feature for the test database. The examined signals con-
tain about 16 seconds of active speech. When features

feature C1 C2 overall
Prediction gain
- mean 4.17% 12.73% 10.13%
Diff. prediction gain
- mean 4.17% 10.91% 8.86%
Diff. prediction gain
- standard deviation 29.17% 9.09% 15.19%
Spectral flatness
- mean 12.50% 3.64% 6.33%
Diff. spectral flatness
- standard deviation 29.17% 12.73% 17.72%

Table 3: Classification-error rate for the test database.

feature C1 C2 overall
Spectral flatness
- mean
Prediction gain
- mean
Diff. spectral flatness
- standard deviation
4 sec. active speech 9.38% 11.82% 11.08%
16 sec. active speech 4.17% 3.64% 3.80%

Spectral flatness
- mean
Prediction gain
- mean
Diff. spectral flatness
- standard deviation
Diff. prediction gain
- standard deviation
4 sec. active speech 14.58% 13.64% 13.92%
16 sec. active speech 0.00% 3.64% 2.53%

Table 4: Error rate for multidimensional classifiers for the
test database.

are merged to one multidimensional classifier, the results
can be improved (Table 4). For long signals the error
rate is below 3%. Further examinations showed that the
classification is nearly independent of the speaker.

6. Conclusion

We have presented a Gaussian multidimensional clas-
sifier, which is able to distinguish between two coder
classes with low and high bit-rate. The recognition rate
for signals with 16 sec. of active speech is about 97%
for the used database. Further studies are necessary to
investigate the effects of background noise and the high
variability of real telephone scenarios.
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