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Abstract 
Attempts are being made to visualize the learning process by 
attaching microphones to students participating in group 
works conducted in classrooms, and subsequently, their 
speech using an automatic speech recognition (ASR) system. 
However, the voices of nearby students frequently become 
mixed with the output speech data, even when using close-talk 
microphones with noise robustness. To resolve this challenge, 
in this paper, we propose using multi-channel voice activity 
detection (VAD) to determine the speech segments of a target 
speaker while also referencing the output speech from the 
microphones attached to the other speakers in the group. The 
conducted evaluation experiments using the actual speech of 
middle school students during group work lessons showed that 
our proposed method significantly improves the frame error 
rate (38.7%) compared to that of the conventional technology, 
single-channel VAD (49.5%). In our view, conventional 
approaches, such as distributed microphone arrays and deep 
learning, are somewhat dependent on the temporal stationarity 
of the speakers’ positions. However, the proposed method is 
essentially a VAD process and thus works robustly. It is the 
practical and proven solution in a real classroom environment. 
Index Terms: Voice activity detection, Multiple microphones, 
Automatic speech recognition, Noise robustness 

1. Introduction 
Educators are seeking new teaching methodologies to 
implement active learning, in which students play an active 
role and deepen their learning by engaging in discussions. The 
"knowledge constructive jigsaw methodology," promoted by 
the University of Tokyo's Consortium for Renovating 
Education of the Future (CoREF) promotes heuristic learning 
by dividing the students in a classroom into small groups of 
three to four for mutual discussions, both inside and outside 
their groups. To visualize this learning process, each student is 
fitted with a close-talk microphone to record what they speak, 
and subsequently, ASR is used to convert their speech data 
into text [1]. A detailed analysis of this text is conducted to 
allow educators to visualize aspects of the learning process, 
such as how students gain understanding, discover further 
questions, and deepen their understanding. 

Far-field microphones located on desks show poor 
performance in current ASR systems. The use of microphone 
arrays placed in the center of the desks [2] was also considered 
but was not as effective in a situation where there were 
multiple discussion groups in one classroom. Therefore, the 
use of close-talk microphones has become the de facto 
standard in this field. However, the voices of nearby students 

frequently become mixed with the output speech data, even 
when using close-talk microphones with noise robustness [3]. 
This is problematic because if speeches become mixed at a 
high level of volume, the speech of the non-targeted speakers 
may be transcribed. 

The need for accurate transcription of group discussions is 
not limited to schools. Even in a business meeting, it is 
possible to imagine a scenario in which each participant brings 
his or her own smartphone and uses a Bluetooth earpiece 
microphone to transcribe their discussion using ASR. We have 
not yet evaluated the use of earpiece microphones, but in 
principle they are expected to work in the same way as a 
close-talk microphone. 

2. Conventional Technologies 
The simplest method for canceling the speech from adjacent 
speakers is applying single-channel VAD [4][5] to the speech 
of the target speaker. This involves dividing the speech data 
into frames along a timeline, calculating the speech power, 
and allowing speech only when its power is higher than a 
predefined threshold. However, this method does not yield 
sufficiently accurate results, and it can be impossible to 
differentiate between speakers when a person is speaking 
softly or when the voices in the adjacent speakers are loud. 

One alternative method is to distribute several far-field 
microphones on a desk to configure a distributed microphone 
array to extract the speech of the target speaker [6][7][8][9]. In 
this system, an NMF, a BSS, or an MVDR is used after 
synchronizing the audio tracks, and it should be trained on the 
actual observation to extract only the target speech. If the 
distance between the speaker and the microphone changes, 
retraining is required. Therefore, it is unsuitable for use in the 
scenario considered in this study, in which speakers frequently 
change their direction to face adjacent speakers with attached 
close-talk microphones. 

Another relevant method involves the combined use of 
special microphones attached to the throats of the speakers 
[10]. These microphones can detect vibrations in the throat, 
and consequently, determine whether the target speaker or an 
adjacent speaker is speaking. However, the use of distinct 
microphones presents a barrier for practical use because of the 
additional cost of purchasing these microphones, and the 
psychological and physical burden on the speakers to whose 
throats these microphones are attached. 

If it is permissible to wear two or more microphones in 
each ear of a student, then multi-channel speech separation 
technology including ICA and deep learning [11][12][13] can 
be applied. However, as in the case of throat microphones, 
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there are problems of the burden of wearing and the cost of the 
equipment. 

Other conventional methods include using deep learning 
to differentiate between speakers speaking into a single 
microphone [14][15] and using acoustic modeling and 
Bayesian information criterion (BIC) to distinguish between 
speakers [16]. However, these methods require a separate 
process to identify the target speaker after differentiating 
between the speakers. Furthermore, they do not exclude the 
possibility that the speakers may be partially interchangeable. 

The above methods are front-end approaches, but there is 
also an approach to adjust the word insertion penalty in the 
decoder of the ASR [17]. However, this depends largely on 
the acoustic environment and is difficult to determine in 
advance. Also, most commercial speech recognition systems 
do not allow the user to make this adjustment. 

In this paper, to resolve the abovementioned challenge, we 
propose robust VAD approach. This is a practical and 
workable solution, although quite simple compared to the 
above techniques.  It combines the output of multiple close-
talk microphones in a group to perform multi-channel voice 
activity detection (MVAD) to identify the speech segments of 
a target speaker. 

3. Multi-Channel VAD 
The MVAD proposed in this paper determines the speech 
segment of the target speaker while also referring to the 
speech measured from the close-talk microphones attached to 
other speakers in the group. The main points of this system are 
summarized below. 
 It conducts VAD. Unlike the microphone array method, it 

is stable regardless of the direction or position of the 
speaker. 

 The system judges by the all-win condition. Taking a 
group of four as an example, the system compares the 
power per frame for each of the three pairs formed by the 
target speaker and the other three group members. 
Furthermore, the system verifies that a speech segment 
belongs to the target speaker only if the target speaker is 
dominant in all pairs. 

 The system uses ambient noise as reference. The power of 
ambient noise is used as a reference value to normalize the 
gain for each recording track, in scenarios where the 
amplifier setting and the distance between the microphone 
and mouth vary from speaker to speaker. Since ambient 
noise should be common to all speakers, this reference is 
justified. 

3.1. Normalization of speech power using ambient noise 

Quasi-stationary ambient noise segments are those in which 
the target speaker and nearby speakers are not speaking; these 
exclude the non-stationary noise segments. A single-channel 
VAD system based on a Gaussian mixture model (GMM) 
trained on human speech, or a system that identifies frames 
with minimum speech power within a moving time window, 
could be used here. The latter was used for the experiments 
described in this paper. 

Then, for the time series of speech power measured from 
all microphones attached to the speakers in the group, the 
average log power of the ambient noise was subtracted in the 
log domain (in dB). In this paper, we call this the local signal-
to-noise ratio (SNR). The difference from the standard SNR is 

that it includes the index of the frame number. Therefore, it 
can be used instead of the naive speech power to compare the 
loudness of speech regardless of the gain setting of the 
recording device. 

3.2. Details of the all-win condition and two-stage 
threshold 

In the experiments conducted in this study, a single 
microphone is associated with each individual speaker. Thus, 
when a particular speaker is indicated, it is the same as 
indicating the associated microphone. 

Pairs are formed between the target speaker and each of 
the other speakers in the group, in an order. For example, if 
there are four speakers in a group, the target speaker has three 
pairs to consider. With the pairs, the all-win condition is tested 
in order as follows. 

Figure 1 shows the distribution of the speech power for 
each pair schematically. It is plotted by frame, and the frame 
rate was 100 frames per second in the experiments conducted 
by us. The speech power converted into the local SNRs from 
the microphones of the target speaker and adjacent speakers 
are represented on the horizontal and vertical axes, 
respectively. A diagonal line is drawn in the intermediate area 
between two thresholds in the figure. When the speech is from 
the target speaker, the speech power in that frame should be 
below this diagonal line. If the speech power is above this 
diagonal line, it suggests a high probability that an adjacent 
speaker is speaking. 

This concept is employed for each pair of microphones. 
Note that even if a single pair claims that the speech is from an 
adjacent speaker, it is automatically deduced that the speech is 
not from the target speaker. Thus, a speech segment will not 
be identified as belonging to the target speaker ("all-win 
condition"). 

Here, the problem is finding a method to draw the 
abovementioned diagonal line, which serves as the decision 
boundary. The simplest method is to draw a 45° diagonal line; 
this is referred to as the "diagonal approximation" in this paper. 
If the instructions to wear close-talk microphones are followed 
thoroughly and the students speak clearly and with sufficient 
volume, the local SNR of each speaker will be distributed 
equally, and the system should operate effectively even with a 
fixed decision boundary. 

However, this may not be assumed in actual use, and 
instead, it is preferable to set the decision boundary based on 
online learning during use. This is achieved as follows. First, 

 
Figure 1:  Local SNR distribution of paired channels. 

 

Intermediate 
areaThreshold B

Speech from
speaker (1)

No speech

Local SNR (dB)
Adjacent speaker (2)

Threshold A

Threshold 
A

Threshold 
B

Local SNR (dB)
Target speaker (1)

Speech from
speaker (2)

Speech from
speaker (3) or (4)

337



the conventional technology of single-channel VAD is used to 
identify the speech segments of the target speaker and adjacent 
speakers. This is not accurate as many frames will be 
classified as speech segments of both speakers. However, it is 
used here only as a first approximation. The results of the 
speaker identification during this first approximation are 
subsequently used to learn the decision boundary and finally 
to obtain improved speech segments. These results are used to 
perform iterative processing, by which the decision boundary 
is updated, and subsequently, the improved speech segments 
are determined. 

The decision boundary is obtained iteratively via machine 
learning on a model using speech segments obtained by the 
previous model. A conventional classification approach, such 
as a Gaussian model or a support vector machine (SVM), 
should be applied here. Figure 2 presents a simple 
implementation. The centroids of the elements in each group 
are determined, and a dotted line is drawn connecting the two 
centroids. Then, the perpendicular bisector of this line is the 
decision boundary. This method was used in the experiments 
described in this paper. These experiments were conducted 
both with and without iterations, and their performance was 
subsequently compared. 

The process discussed thus far can be used to determine 
the dominance of the speech power of the two speakers in a 
single pair for each frame. To conclude that the speech 
segment belongs to the target speaker, the dominance must be 
proved in all the pairs. 

The conditions for the two thresholds (A and B) shown in 
Figure 1 are also applied. As in single-channel VAD, the 
speech power must be higher than threshold A to be 
considered as the speech segment of the target speaker. When 
the speech power becomes higher than threshold B, the frame 
can be determined as a speech segment regardless of the all-
win condition previously discussed in context of the decision 
boundary. Although students do not speak simultaneously 
very frequently during group work, when this occurs, the 
second threshold attempts to retrieve a speech segment as the 
target speaker, when the voice is sufficiently loud, even 
though the all-win condition is not met. Conversely, back-
channel feedback like “ya” is a small voice. It will not be 
retrieved when its power is not higher than threshold B. 

3.3. Post-processing for speech segment determination 

The process discussed thus far is used to identify speech 
segments at an individual speech frame level. Because 
decisions are made simply at the frame level, decisions are 
either often flipped in short intervals or do not form 
continuous segments with realistic length. Therefore, as in 
single-channel VAD, speech segments are adjusted by post-
processing, such as removing independent short speech 
segments and filling short gaps in between continuous speech 
segments. The head and tail of the speech segments are 
extended. In the conducted experiments using ASR, the 
amount of extension was set to 20 frames (0.2 s). 

4. Evaluation Experiment 

4.1. Evaluation data 

We conducted two group work classes in a junior high school 
and recorded the audio data, and subsequently, the time 
information for the speech segments was manually added to 

the text transcribed from the speech of each student. Each 
class has two sessions. The first half is called "expert" session 
and the second half is called "jigsaw" session. Therefore, we 
have four sessions for evaluation: three sessions have six to 
seven groups with three to four members per group. one 
session has three groups with six to seven members per group. 
Note that these groups share a regular-sized classroom for 
discussion. The "expert" session lasted about 6 minutes and 
the "jigsaw" session about 15 minutes. 

4.2. VAD 

The following four types of VAD were applied to the output 
obtained from the microphones attached to each individual 
student to determine the speech segments of each speaker. 

1. Single-channel VAD (SVAD) 
2. MVAD diagonal approximation (MVAD Diag) 
3. MVAD learning without iteration (MVAD No-iter) 
4. MVAD learning with iteration (MVAD Iter) 

Several VAD threshold candidates were provided for each 
method. These were selected so to find a balance point of the 
insertion and the deletion errors. They were converted into 
thresholds A and B as follows: 

Threshold A = Threshold parameter / 2, and 
Threshold B = Threshold parameter + 10. 

SVAD has threshold A only. The number of iterations for 
“MVAD Iter” was set as 2. 

4.3. Evaluation of segmentation performance 

The speech segment information obtained from the four types 
of VAD are compared to the correct speech segment 
information (VAD Oracle) obtained manually, following 
which the performance is evaluated for only VAD. The error 
rate is defined as (1). 

 
(1) 

Table 1 lists the results of the evaluation. In all three cases 
of MVAD, the performance is superior to that of SVAD. This 
is largely due to the reduction in the insertion errors, 
indicating that the MVAD is working as expected. 

Comparing the three cases of MVAD, the method of 
determining the decision boundary without iteration showed 
the highest performance. It is reasonable that it showed better 
performance than the diagonal approximation without learning. 
Contrary to expectations, the method learning with iterations 

 
Figure 2:   Decision boundary estimation using 
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Table 1: Frame-based error rate of VAD (%). 

 Threshold Ins Error Del Error Total 
Error 

SVAD 35 33.15 23.88 57.03 
40 19.14 30.86 49.99 
45 10.10 39.39 49.49 
50 4.89 49.10 53.99  

MVAD 
Diag 

25 24.27 21.01 45.28 
30 14.80 25.23 40.03 
35 8.87 29.98 38.85  
40 5.27 35.87 41.14  

MVAD 
No-iter 

25 23.75 20.87 44.62 
30 14.38 25.25 39.62 
35 8.64 30.08 38.72 
40 5.12 35.99 41.11  

MVAD  
Iter 

25 21.27 21.70 42.98  
30 13.33 25.85 39.18  
35 8.23 30.62 38.85  
40 4.97 36.44 41.41  

 

did not show the highest performance. However, the average 
of the performances measured at various thresholds turned out 
to be the best. 

Note that this evaluation was conducted without extending 
the head and tail of the speech segments. This was done so 
that the beginnings and endings of the speech segments given 
by VAD Oracle seemed trimmed closely.  

4.4. Evaluation of transcription performance 

Each speech was segmented based on the speech segment 
information obtained from the four types of VAD and 
subsequently processed by ASR. IBM Watson STT [18] was 
used as the speech recognition system for the evaluation. The 
evaluation was done in July 2020, while the speech 
recognition performance of the cloud system may be updated.
For comparison, two additional cases were performed: the 
"None" case, in which the speech was input as is without 
segmentation into the ASR system, and the "Oracle" case, in 
which the segmentation was performed using correct speech 
segments. Following this, the character error rate (CER) for 
ASR was measured by comparing the recognized text against 
the correct text. The method with a lower CER was regarded 
as the better method. 

Table 2 summarizes the results of the evaluation. It was 
observed that the CER for SVAD was lower than that of the 
“None” case, showing that even SVAD is effective to some 
degree. However, further improvement is desirable because of 
the wide gap between this and the Oracle case, which is 
considered to yield ideal results. Performance of each of the 
three MVAD cases exceeded that of SVAD, and even came 
close to that of the Oracle case. 

Comparing the three cases of MVAD, the benefit of 
iterative processing was small when evaluating the accuracy 
of ASR, as it was when evaluating the performance of VAD. 
Therefore, in actual use, MVAD without iterative processing 
must be sufficient. 

Note that the optimal VAD threshold is smaller for the 
transcription purpose than for the segmentation purpose. The 
evaluation of SVAD using ASR should have been performed 
also with a threshold higher than 40. However, the threshold 
of 40 is still meaningful because it is the balance point 
between insertion errors and deletion errors. (As an excuse, 
the cloud system had been updated and we lost the opportunity 
to do the additional testing.) 

The reason for the Oracle case having an even higher 
deletion error rate than the “None” case can be interpreted as 
follows. As shown by the high number of insertion errors, the 
“None” case generates a large amount of useless text. 
Therefore, the low rating of the deletion errors is a result of 
this text occasionally matching with the parts that will become 
deletion errors. 

5. Conclusion 
In this study, we evaluated MVAD by which the speech 
segments of a target speaker can be accurately estimated by 
referencing the recording tracks of all the members in a group.  

Since this method is essentially a VAD technique, it is 
robust to temporal non-stationarity in the speakers’ positions. 
Also, while beamforming can only attenuate, this method can 
completely mute when the target speaker is not speaking, 
which is an advantage since it has been found that ASR 
systems tend to output misrecognized words even for 
attenuated speech. Therefore, we believe that this is a practical 

and optimal solution for the purpose of this project, which is 
to transcribe group discussions in the classroom. 

The evaluation experiment was conducted using 
recordings of group discussions held at an actual junior high 
school. Looking at the details of the results, we can see that 
even the non-iterative method gives good results in the ASR 
application. This implies that it can be used as part of a real-
time system. 
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