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Abstract

This paper describes the effect of three new acoustic feature 
parameters to detect audio source segments that are based on 
spectral cross-correlation: spectral stability, white noise 
similarity, and sound spectral shape. These parameters are 
devised for accurate audio source detection and are used in a 
pre-processing module for automatic indexing of the broadcast 
news and the meetings. We conducted two audio source 
classification experiments: one with the broadcast news and 
the other with the meetings. The experiment with the 
broadcast news shows that proposed parameters make it 
possible to capture the audio sources more accurately than can 
be done with conventional parameters. Classification 
performance is increased by 6.6% when the proposed 
parameters are used. The spectral stability is proved to be the 
most effective among the conventional and the three proposed 
parameters. Regarding the experiments with the meeting 
corpus, we conducted speaker identification in addition to the 
audio source classification. First, the audio source 
classification procedure detects each sound source segment. 
Then, a speaker identification procedure finds cross-talk from 
other participants, and determines her/his own speech period.  
Speaker identification performance is increased by 2.7% when 
the proposed parameters are used.

1. Introduction

The increase in accessible speech content such as broadcast 
news has made broadband communication much more 
desirable. To find desired content effectively, useful 
descriptions of each content, metadata, are necessary. Making 
such descriptions manually is, unfortunately, too time-
consuming and too expensive. Speech recognition is expected 
to release us from this labour. State-of-art speech recognition 
technology can recognize clear speech with high accuracy, 
but noise or music from other sound sources, which is 
common in most content, decreases the performance 
significantly. 

A number of studies have been made on multimedia 
content indexing for information retrieval [1-6]. In this regard, 
we have also been studying an efficient strategy for indexing 
the broadcast news and the meetings [7, 8]. The broadcast-
news indexing it provides should detect utterance boundaries 
with sufficient precision so as to enable better speech 
recognition [9] and find significant acoustic points for topic 
segmentation. On this account, good acoustic feature 
parameters are needed for accurate audio source segmentation. 
In the meetings there are not only utterances but lots of 
sudden noises and exterior noises, therefore the detection of 
utterance boundaries are also important. Furthermore, 
accurate speaker identification is essential for indexing the 

meetings. In our recording system, each participant wears a 
tie pin microphone, and their outputs are recorded separately 
and synchronously. This recording framework makes speaker 
identification easier than if one far-field microphone is shared 
by all participants, however, cross-talk and noises still 
decrease the speech recognition and speaker identification 
performance.

This paper describes the effect of acoustic feature 
parameters for a sound-source segmentation procedure. 
Conventional detection approaches use only surface acoustic 
features, such as signal energy and pitch frequency [10]. For 
more accurate detection, we devised three features which are 
based on spectral correlation in addition to these features [11]. 
The proposed features measure spectral stability, white noise 
similarity, and spectral shape. Using Japanese broadcast news 
segments we show evaluation results of each parameter and 
all possible combinations of the proposed and the 
conventional feature parameters using Japanese broadcast 
news segments.  Performance is greatly increased when the 
proposed parameters are used. For the meetings a new pre-
processing module is also proposed. This module uses the 
sound-source segmentation procedure and a speaker 
identification procedure. The speaker identification procedure 
compares the outputs of all microphones, which are 
normalized signal energy and speech periods detected in the 
segmentation procedure. They are used to detect cross-talk 
from other speakers. Information of her/his own speech 
periods is passed to a speech recognition procedure. 
Evaluation results of the proposed pre-processing module 
using Japanese meeting segments confirm the validity of the 
proposed parameters and the speaker identification procedure.

Figure 1. Concept of white noise similarity
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2. Spectral Correlation-Based Parameters 

For acoustic source detection, seven acoustic features are 
used: the four conventional features of signal energy, pitch 
frequency, peak-frequency centroid, and peak-frequency 
bandwidth, and three new parameters based on spectral cross-
correlation: temporal stability, white noise similarity, and 
spectral shape [11].  

2.1. Temporal Stability 

The stability of spectral features is an important factor of 
source type detection. For example, spectral features of speech 
tend to change more dynamically than those of music. To 
measure stability, we calculate the correlations between 
adjacent power spectra S at time t and u . The 

generalized cross-correlation between  and  is 
defined as: 
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where * denotes the complex conjugate, is the frequency 
weighting filter, and G is the cross power spectrum. We use 
the variance of the correlation contour as the measure of 
temporal sound stability. 

2.2. White Noise Similarities and Spectral Shape 

The values of whiteness and sound spectral shape are also 
calculated using the generalized cross-correlation. As one of 
two consecutive power spectra is slid along the frequency 
domain, the correlation between the two power spectra 

 and  is calculated.  Namely, G in 
Equation (2) is rewritten as follows. 
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where is slide offset in the frequency domain. f
Figure 1 shows the concept of using cross-correlation to 

detect whiteness similarity. The power spectrum is shown on 
the left side and the correlation for white noise (a) and 
colored sound (b) is shown on the right side. White noise 
tends to have a flat response along the frequency domain. In 
contrast, the contour of a processed voiced signal dissipates 
quickly and vibrates heavily. We extract contour shape by 

using weighted linear regression. The intercept and slope of 
the regression (dotted line in (b)) represent the degree of 
whiteness and the difference between the high and low bands, 
respectively. If the intercept is a high value, the signal is 
similar to white noise. If it is a low value, the signal is 
regarded as colored sound. 

3. Sound Source Segmentation 

3.1. Segmentation Procedure 

The sound source segmentation procedure is composed of an 
acoustic detection part and a smoothing part (Figure 2). In the 
detection part, time-frame-wise detection results and the 
likelihood for each feature parameter in each frame are 
obtained. Likelihood is calculated using Gaussian distribution 
functions. In the smoothing part, the duration of each sound 
source is decided.  The smoothing part uses a merge method 
taking account of the total likelihood of all feature parameters 
and each feature’s likelihood. This is because that the total 
likelihood is most important in detecting boundaries; however, 
some sound source characteristics appear only with specific 
parameters, and the total likelihood frequently ignores this 
phenomena. Details of the segment smoothing are described in 
a paper [11]. 

3.2. Acoustical Pre-processing 

The flow of the acoustical pre-processing for the indexing of 
broadcast news and meetings are shown in Figure 3. In the 
broadcast news pre-processing, the sound source 
segmentation procedure is carried out prior to speech 
recognition, and the news sound content is divided into four 
kinds of segments: speech, music, noise and silence segments. 
In the meeting indexing, the sound source segmentation 
procedure and the speaker identification procedure are 
adopted. First, the sound source segmentation procedure 
detects each sound source segment using the proposed 
parameters. Then, speaker identification procedure finds 
cross-talk from other participants by comparing the outputs of 
the microphones, and determines her/his own speech period.  

3.3. Cross-Talk Detection 

In meeting with more than one participant, sometimes several 
people speak simultaneously, sometimes no one speaks and 
sometimes noise occurs. Accordingly, even if each participant 
has one microphone, detecting the cross talk is a difficult 
problem. A typical waveform is shown in Figure 4. Our 
speaker identification procedure uses normalized energy and 
speech periods detected in the segmentation procedure to 
detect cross-talk. If we consider the n-th segment from the i-th
microphone and the m-th segment from the j-th microphone, b
and e are beginning time and ending time for each segment, 
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where T is the total number of time frames for each 
microphone output, and P is energy. If the normalized power 
of the n-th segment is larger than that of the m-th segment, and 
the time period of the n-th segment includes the m-th segment,  
that is,
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it is determined that the m-th segment is the cross-talk of the 
n-th participant. This cross-talk detection process is repeated 
for all pairs of microphone output i and j. While this decision 
procedure is simple, its performance is high. Information 
about the detected speech periods for each microphone is 
passed to speech recognition procedure. 

4. Evaluation Experiments 

4.1. Training and Evaluation Data 

We prepared a tagged database for 29 broadcast news 
programs to evaluate the performance of audio source 
segmentation. These data were manually tagged on the basis 
of the beginning time and ending time of speech, music and 
noises. Some tagged periods overlapped, such as an interview 
in a crowd, anchor speech with background music etc.; non-
tagged periods are silent parts.

To train the acoustic feature models for each parameter, we 
used audio data of 9 broadcast news programs, the sampling 
frequency was 44.1 kHz. This training used single tagged 
periods and silence periods. The acoustic model with 2-
mixture of Gaussian distribution was used for each parameter, 
and the mean, variance, and weight value for each distribution 
were estimated using an EM algorithm. Evaluation data of 
broadcast news was provided by 20 other programs, i.e., five 
each of programs that were 5, 10, 20 and 30 minutes in length.  

To record the evaluation data of the meetings, each 
participant wore a nondirectional tie pin microphone, and their 
outputs were recorded separately and synchronously. These 
data were manually tagged with speech and noises. Some 
tagged periods overlapped. As evaluation data, we used 4 
meetings that were about 30 minutes in length. The numbers 
of participants were 5, 6, and 8. The above-mentioned acoustic 
model was also used for evaluation of meetings. 

4.2. Evaluation of New Acoustic Parameters 

First, we evaluated each feature parameter using broadcast-
news: signal energy, pitch frequency, frequency centroid, 
bandwidth, stability, whiteness similarity, or spectral shape.  
The first four are the conventional, and the latter three are the 

proposed parameters. Table 1 shows the best parameter to 
detect each sound source. Overlapping segments with multiple 
sound sources were eliminated in the evaluation. It is shown 
that best parameters to achieve the highest detection rate for 
each sound source vary. It is also shown that the proposed 
parameters are useful to detect speech and noise segments. target 

speech

cross-talk

noisesilence
target 
speech

cross-talk

noisesilence Next, we evaluated the effects of all possible combination 
types of analysis parameters for the segmentation. Table 2 
shows the combination set for each number of parameters that 
achieved the highest detection rate weighted with data amount. 
The rate of the bottom row is the result using four 
conventional parameters. The rate of the top row is the result 
using all seven parameters, the four conventional plus three 
proposed parameters. The highest F-measure score was 
achieved when six parameters (the conventional three 
(energy(a), pitch(b), frequency centroid(c)) plus three 
proposed parameters(E,F,G)) were used. Comparing six 
parameters and four conventional parameters indicates that the 
proposed spectral-correlation-based parameters increase the 
average F-measure by 6.6%. It was also indicated that the 
proposed spectral stability (E) is the most useful parameter for 
the sound source detection of the broadcast news. Table 3 
shows the detection rates for each sound source when the 
above six parameters were used and the conventional four 
parameters were used. It is also shown that the F-measure for 
each sound source was improved remarkably, showing the 
effectiveness of the proposed parameters. 

Figure 4. Typical waveform of meetings 

Table 1. Best parameters achieving the highest detection 
rate for each sound source (%) 

Source
Best

parameter Recall Precision F-measure

Speech Stability 97.5 83.5 90.5

Music Pitch 77.3 24.8 51.0

Noise Whiteness 54.4 47.4 50.9

Silence Energy 90.1 44.8 67.4

Table 2. Acoustic signal detection rates (%) 

No. 
parameters

Best
parameters* Recall Precision

F-
measure

7 all 87.2 87.2 87.2

6 a,b,c,E,F,G 87.3 87.5 87.4

5 a, b, c, E, G 86.8 87.0 86.9

4 a, b, E, G 86.2 86.5 86.4

3 b, E, G 84.9 85.2 85.0

2 b, E 81.1 80.1 80.6

1 E 74.3 66.2 70.2
4

conventional a, b, c, d 79.6 81.2 80.8

*signal energy(a), pitch frequency(b), frequency centroid(c),  
bandwidth(d), stability(E), whiteness(F), spectral shape(G) 

Table 4 shows two results of speech segment detection for 
all the evaluation data including overlapping segments; one 
using the above six parameters and one using the four 



conventional parameters. Using these new features yielded a 
93.9% F-measure of speech detection. 

Table 3. Acoustic signal detection rates (%) 

No. 
parameters Source Recall Precision 

F-
measure

Speech 95.4 94.4 94.9
Music 77.5 88.1 82.8

6 Noise 53.5 73.7 63.6
(a,b,c,E,F,G) Silence 87.1 70.4 78.8

Average 87.3 87.5 87.4

Speech 85.0 95.7 90.3
Music 67.9 61.8 64.9

4 Noise 45.2 54.6 49.9
conventional Silence 91.8 60.6 76.2

Average 79.6 81.2 80.8

Table 4.  Speech detection results for entire broadcast 
news test data (%) 

No. parameters Recall Precision F-measure

6 (a,b,c,E,F,G) 90.9 96.9 93.9

4 conventional 76.5 97.4 86.9

4.3. Evaluation of Speaker Identification Procedure 

Finally, we used the test data for meeting to evaluate the 
performance of the proposed analysis parameters and the 
speaker identification procedure. In this evaluation, when the 
speech detection rate is low in the sound source segmentation, 
the speaker identification is also low. Furthermore, the 
detected speech on the m-th microphone must be the speech 
uttered by the m-th participant. Speech from other participants 
should be detected as noise, because they are cross-talk noise 
segments. Accordingly, when the cross-talk detection rate is 
low, the speaker identification rate is low. Table 5 shows the 
results of the speaker identification rate with and without the 
proposed cross-talk detection procedure. The four 
conventional parameter set and the six-parameter set in section 
4.2 were also evaluated. Experimental results indicate that the 
proposed cross-talk detection procedure increased the speaker 
identification rate (F-measure) dramatically from 55.8% to 
92.7%, and the proposed parameters increased the rate by 
2.7%. These confirm the usefulness of the proposed cross-talk 
detection procedure and the spectral-correlation-based 
parameters for the meeting corpus. 

5. Conclusion

This paper describes the effect of new acoustic feature 
parameters based on spectral cross-correlation to detect audio 
source segments. These parameters are used in a pre-
processing module for indexing of the broadcast news and the 
meetings. This module is composed of an audio source 
segmentation procedure and a speaker identification procedure. 
The former uses new spectral correlation-based features so its 
detection performance is remarkably improved. The later uses 

normalized energy and segment duration to achieve high 
cross-talk detection performance. The effect of the proposed 
feature parameters and the speaker identification procedure 
were confirmed by experiments on broadcast-news segments 
and a meeting speech corpus.  

Table 5. Speaker identification performance for meetings (%) 

No. 
parameters

Cross-talk
detection

Recall Precision
F-

measure

x 96.5 88.9 92.76
(a,b,c,E,F,G) - 90.4 24.2 55.8

4
conventional x 93.1 86.9 90.0
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