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Abstract

[13]. The gaze information is obtained from the face direction. In a group conversation, the group members may talk
with each other, and a speaker is watched by other group
members. So, when the speaker changes, the face directions of the group members change. The face direction is
therefore useful for speaker identiﬁcation, and that is what
is used to determine speaker identiﬁcation in this paper.
There must be a context in a group conversation. However, the previous method treated the face direction of each
member individually [1, 8]. They then identiﬁed speaker
using each face direction. In this study, we model the group
context by integrating face directions of the group members.
We assume that the integration can model the relation of the
face directions. Fathi et al. integrated each individual’s role
which was determined by using where people looking at [5].
Though they used ﬁrst person view camera, we use cameras
set in an environment because we assume that robots have
cameras and customers do not have as we mentioned above.
In this paper, we propose vision-based speaker identiﬁcation method for a group conversation which considers the
group context. The group context is modeled by integrating
the face directions of the group members. The face directions of group members are linearly combined, and these
combined directions are used as a feature vector in speaker
identiﬁcation. Support Vector Machine (SVM) [6] is used
as the discriminator in the identiﬁcation [14]. In our experiments, a new dataset for speaker identiﬁcation in a group
is constructed, and used as an evaluation of the proposed
method. Experimental results show that integrated face direction of group members is effective for speaker identiﬁcation in a group.

We present a method for vision-based speaker identiﬁcation in a group conversation. The group context in the
conversation is modeled by the integrated face direction of
group members. Experimental results show that integrated
face direction of group members is effective for speaker
identiﬁcation in a group.

1. Introduction
In recent years, communication robots equipped with a
spoken-dialog system have been widely used at public facilities such as shopping malls, restaurants, etc [3]. Some
robots introduce information about the public facility in reaction to a conversation with customers. In such a situation, the robots are required to have a conversation with one
customer or a group of customers [8]. This is particularly
challenging when there are many customers in a group at a
public facility, and so we focus on group conversation.
One of the inputs of a dialog system is speech recognition, what the customer said. For a dialog system for group
conversation, speaker identiﬁcation, which customer spoke
in a group, is also required [9]. In this paper, we focus on
speaker identiﬁcation in a group for the dialog system for
group conversation.
Speech information has been used in previous studies for
speaker identiﬁcation in a group. Many researchers estimate
sound source position by gathering speech information and
identifying a speaker [12]. When we assume that there is
a lot of outside sound interference which make performing
speaker identiﬁcation more challenging in public facilities,
it is worth trying to do vision-based speaker identiﬁcation
to get knowledge about how accurate it is. We then focus
on vision-based speaker identiﬁcation which differs from
multimodal speaker diarization such as [10].
Some research uses image information for speaker identiﬁcation [8]. Many works based on image information use
face direction or gaze information as the image information
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2. Speaker identiﬁcation based on integrated
face direction of group members
In this paper, we suppose that group members do not
speak at the same time and that the number of speakers
is one in each frame in a group conversation. Considering this assumption, the speaker is identiﬁed by utterance
detection in a group conversation. Utterance detection de53

Figure 1. Illustration of our setting.

notes “whether a person is speaking or not.” Speaker identiﬁcation denotes “who is speaking.” The result of speaker
identiﬁcation is the person with the highest conﬁdence toward the model of utterance detection.
Our method integrates face directions of group members
and uses the integrated directions as a feature vector for
speaker identiﬁcation of the group members. Three types
of face direction are used in our method, such as roll, pitch,
and yaw. Roll, pitch, and yaw are denoted as r, p, and y,
and 0◦ ≤ r, p, y ≤ 360◦ . Face directions, and r, p, y are
obtained by Microsoft Kinect V2 [15].
When N persons have a group conversation, the person
ID is denoted as i, and the roll, pitch, and yaw of i-th person
are denoted as ri , pi , and yi where i = {0, 1, · · · , N − 1},
0 ≤ (ri , pi , yi ) < 360. The feature vector of t-th frame f t
is as follows:

situation of the conversation was captured by two Kinect
V2s. The data was annotated that each person was speaking
or not.
Figure 1 shows the setting. Two Kinect V2s were set
back to back, and two persons were captured by each Kinect
V2. An example scene of the conversation is shown in Figure 2. Three types of face directions (r, p, y) of each person
were captured by each frame. The face directions obtained
by Kinect V2s denote how tilted it was when looking at
Kinect V2 in front. Therefore, the directions of positive and
negative of roll and yaw were reversed between persons 0
and 1, and 2 and 3. The roll and yaw of persons 0 and 1
were changed as ŕ and ý, where

t
t
t
f t = {r0t , pt0 , y0t , · · · , rN
−1 , pN −1 , yN −1 }

t
t
ŕ0,1
= 360 − r0,1

(2)

t
t
= 360 − y0,1
ý0,1

(3)

Figure 2. Conversation scene of four research subjects.

(1)

f t is 3N -dimensional vector. The speaker is identiﬁed by
SVM [11] using the feature vector f t . In this method,
the SVM is multiclass SVM, the number of the classes is
N − 1, and teaching signal is a speaker label j t (j t =
{0, 1, · · · , N − 1}).

The number of frames of data used in our experiments is
6835. For the internal division of data, the number of the
frames of persons 0, 1, 2, and 3 are 1507, 1590, 1700, and
2083, respectively.

3. Experiments

3.2. Evaluation of utterance detection

First, there is no dataset which includes the face directions. A new dataset was therefore constructed in our experiments. Second, accuracy of the utterance detection was
evaluated for the preliminary experiment of speaker identiﬁcation. Third, the identiﬁcation using integrated face direction was evaluated. Finally, the accuracy of the identiﬁcation was evaluated while changing the amount of training
data.

In this section, utterance detection using face direction is
evaluated as the preliminary experiment of speaker identiﬁcation. The result of the identiﬁcation is the person with
the highest conﬁdence toward the model of utterance detection. Therefore, if the accuracy of the utterance detection
becomes higher, the accuracy of the identiﬁcation becomes
higher.
The result of the utterance detection is whether a person is speaking or not. In this experiment, two-class SVM
was used for detection and face direction is used for a feature vector. In training SVM phase, if a person is speaking,

3.1. Dataset
Four persons (N = 4) cooperated with our experiment,
and they had an approximately 30 minute conversation. The
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Table 1. Accuracy of utterance detection for each person.

Person
Accuracy

Non-integrated
Integrated

0

1

2

3

50.1
51.6

50.0
48.2

49.9
50.2

48.9
54.8

Table 2. Accuracy of speaker identiﬁcation based on integrated
face direction (%).

NN

RF

Linear SVM

Non-linear SVM(RBF)

28.1

32.8

31.3

33.6

Figure 3. Confusion matrix of SVM with RBF kernel

the teaching signal is set to 1; otherwise, the teaching signal is set to 0. Two types of feature vectors are compared
in this experiment; the face direction of a person, and the
integrated face direction of person.
Table 1 shows the accuracy of utterance detection in
each person. “Non-integrated” denotes the result using a
3-dimensional feature vector (rt , pt , y t ) of one person. “Integrated” denotes the result using a 12-dimensional feature
vector f t , which consists of face directions of group members. The discriminator is SVM with RBF kernel. 80% of
the 6835 frames, from the beginning when all the frames
were arranged in chronological order, were set as training data, and the remaining frames were set as test data.
The accuracy of “Integrated” is higher than that of “Nonintegrated,” and it shows that the integration of the face directions of group members is effective. However, each accuracy is around 50%, and this shows that it is difﬁcult to
detect utterance only by the face direction.

Figure 4. Visualization of test data by principal component analysis.
Table 3. Accuracy for each amount of training data.

Amount of the data

50

60

70

80

90

Accuracy

20.5

24.8

31.0

33.6

23.2

Figure 3 shows the confusion matrix of the proposed
method using SVM with RBF kernel. The accuracy of each
person was 28.9%, 33.1%, 19.5%, and 52.0%, respectively.
The accuracy varied widely between persons.
Figure 4 is a visualization of the test data using principal component analysis (PCA). The feature vector of integrated face direction f t is a 12-dimensional vector, but the
dimensions of the vector were reduced into 2-dimension using PCA. The data of each person is plotted in Figure 4.
The area of each data overlaps widely, implying that it is
difﬁcult to discriminate speakers only by the integrated face
direction.

3.3. Evaluation of speaker identiﬁcation based on
integrated face direction
In this experiment, the methods using integrated face direction with different discriminators were compared. The
discriminators prepared as the comparison targets were
Nearest Neighbor [4] and Random Forests [2]. The discriminators of our method; linear SVM [11], and non-linear
SVM with RBF kernel, were prepared. The selection of
training data and test data was as same as the experiment
in the previous section. The number of the trees in random
forests and the parameter of SVMs were optimized in the
experiments. To determine the randomness of the random
forest, the accuracy is obtained 10 times, and the average of
the accuracy is shown in the result when the random forest
was used.
Table 2 shows the accuracy of speaker identiﬁcation
based on integrated face direction with several discriminators. The proposed method using SVM with RBF kernel is
most effective of all.

3.4. Evaluation of speaker identiﬁcation while
changing the amount of training data
The accuracy changes when the amount of the training data is changed. In this section, the accuracy of the
method using integrated face direction was evaluated while
the amount of the training data was changed. The SVM
with RBF kernel was used for evaluation.
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Figure 6. Method based on sound direction when N = 5.
Table 4. Accuracy of the identiﬁcation using sound direction.

Figure 5. Changes of accuracy while the ratio of training data
changed.

NN
RF
SVM
RBF

The result is shown in Table 3. 50% of the training data
denotes that 50% of the 6835 frames from the beginning,
when all the frames were arranged in chronological order,
was used as training data. In this case, the test data remaining was 50%. The accuracy became higher when the
amount of training data became larger, from 50% to 80%.
When the amount became 90%, the accuracy became lower.
The reason is shown in Figure 5. The blue area denotes
the training data, and the orange area denotes the test data.
When the training data was 80% of all frames and the test
data was the remaining 20%, the accuracy of the identiﬁcation was 33.6%. When 20% from the beginning of the data
was split in half and the former and the latter ware used for
the test data, the accuracy of the identiﬁcation was 39.6%
and 24.8% , respectively. The accuracy of the method using the former data is higher than that of the method using
the latter data. This means that the end of 10% data was
peculiar data, and hence the accuracy became lower when
the test data is the end of 10% data, and the remaining is the
training data.

Face (3.3.)

Sound (4.1.)

27.9
34.2
36.7
37.3

28.1
32.8
31.3
33.6

32.8

equal distances away from each other. Figure 6 illustrates
this method. When a is between the angle denoted by the
red arc, the identiﬁed speaker will be the person sitting second from the right end.
The reason we use such a method is that it is difﬁcult to
measure angles between persons and Kinect V2. In other
words, we cannot know where persons are sitting.
When we use K Kinect V2s, we identify the speaker by
using a of Kinect V2, which has the highest c.

4.2. Speaker identiﬁcation based on integrated face
direction and sound direction
A method using both integrated face direction and sound
direction is presented in this section. The integrated face
direction of group members, the conﬁdence of sound direction c, and sound direction a are linearly combined, and it
is used as a feature vector in our method. The feature vector
of t-th frame Ft is as follows:

4. Discussion
We presented vision-based speaker identiﬁcation which
did not use sound information because we assumed the situation that there is a lot of noise. In this section, assuming
that we can use not accurate but rough sound information,
sound direction, we present a method using sound direction.

t
t
t
Ft = {r0t , pt0 , y0t , · · · , rN
−1 , pN −1 , yN −1 ,

at0 , ct0 , · · · , atK , ctK }

(5)

Ft is 3N + 2K-dimensional vector. Using this feature vector, the speaker is identiﬁed in the same way as the method
in Sec. 2.

4.1. Speaker identiﬁcation based on sound
direction
Both conﬁdence c of the estimation [7] and estimated
sound direction a are obtained by Kinect V2 where 0 ≤
c ≤ 1, −50◦ ≤ a ≤ 50◦ by 1◦ . When there are N persons
in front of one Kinect V2, they have to be in the range of
−50◦ to 50◦ of Kinect V2, and we identify the speaker as
follows. First, we evenly divide the range in which Kinect
V2 got sound by N .
θsd = (maxsd + minsd )/N

Face + Sound (4.2.)

4.3. Evaluation of speaker identiﬁcation based on
integrated face direction and sound direction
Based on the results shown in Table 1, integrated face direction is effective for speaker identiﬁcation. In this section,
we compare the accuracy between the methods using integrated face direction only, sound direction only, and both
integrated face direction and sound direction and its conﬁdence.
Table 4 shows the result of the comparison. N = 4 same
as Sec. 3. and K = 2. “Face + Sound (4.2.)” denotes the

(4)

maxsd is maximum a of data and minsd is minimum. Next,
we identify the speaker by assuming persons are sitting
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method using the feature vector Ft , which consists of both
sound information and integrated face direction described in
Section 4.2.; “Face (3.3.)” denotes the method using the feature vector f t , which consists of face directions described in
Section 3.3.; and “Sound (4.1.)” denotes the method using
the sound direction described in Section 4.1. The highest
accuracy was 37.3%, when the vector Ft was used. The
second highest was the method using f t , and the accuracy
of the method using sound direction only was the lowest.
This result shows that using integrated face direction is effective for speaker identiﬁcation in a group, and using both
face direction and sound direction is the most effective for
the identiﬁcation if we can utilize sound direction.
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5. Conclusion
The integrated face direction of group members was used
for speaker identiﬁcation in a group conversation in this paper. Based on the experimental results, the integrated face
direction was effective for speaker identiﬁcation.
The proposed method still has low versatility. In future
works, ﬁrst we construct a dataset which captures various
people in various situations. We use test data which is unseen data obtained from different subject groups from that
of training data. It is ideal when we consider realistic situation. Next, we make a speaker identiﬁcation method robust
to various aspects. For example, if the height of a member changes greatly, the face direction also changes greatly,
so we consider the speaker’s own characteristics and the
position of the speaker. In this research, we did not consider the change in the time axis direction. We present a
speaker identiﬁcation method in consideration of changes
in the time axis direction.

Acknowledgment
This work was supported in part by JSPS Grant-in-Aid
for Scientiﬁc Research(S) 24220004, and JST CREST.

References
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