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Abstract. We propose a system to aid the browsing of shared expe-
rience data that includes multiple first-person view videos. Using this
system, users can avoid the tedious task of searching through lengthy
videos. Our system aids browsing by displaying situational information
cues on the video seek-bar, and visualizing node graphs showing mem-
bers participating in the scenes and their approximate location. Users
of our system can search and browse events with the help of cues indi-
cating participant names and their locations. We use auditory similarity
to detect conversational fields in order to detect the dynamics of groups
in crowded areas. We conduct an experiment to evaluate the ability of
our system to decrease the time needed for finding specified scenes in
lifelog videos. Our experimental results suggest that our system can aid
the browsing of videos that include one’s own experiences, but cannot
be proven to aid the browsing of unfamiliar data.
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1 Introduction

We propose a system that helps users to quickly browse videos capturing social
events by providing cues showing the chronological history of conversation groups
generated during the events. We use a method to detect conversational fields as
cues based on the similarity of auditory situations among the participants.

We define conversational fields as a topological area in which multiple per-
sons join the same conversation. As participants in the conversational fields, we
consider not only people speaking but also people listening to them. Recogniz-
ing group activities such as group conversations is an important technique to
enable context-aware applications for enriching social activities, e.g., groupware.
For example, at conferences, there are activities of different spatial sizes; these
include oral presentations, poster presentations, and social gatherings. We must
recognize differences in spatial sizes and perform the appropriate service. The
purpose of this paper is to realize an efficient browser for searching a user’s lifelog
data as a context-aware application based on recognized conversation fields.
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Because advancing camera technology enables us to record videos for long
periods of time, we can record our experiences and share them with others.
However, it is difficult to find a specific event from a lengthy video. We consider
conversation partners and their approximate location to be important informa-
tion for recalling memories. Therefore, we use conversational fields as a cue for
browsing video.

The remainder of the paper is organized as follows. Section 2 provides an
overview of the problem addressed in our research by presenting related work.
Section 3 presents our system for quick browsing of shared experience videos as
an application that uses detected conversational fields based on situated sound
similarity. Section 4 presents an experimental evaluation showing that our system
can provide the ability to quickly find any scene from lengthy lifelog videos. We
describe limitations of our study and future work in Sect. 5. We conclude the
paper in Sect. 6.

2 Related Work

2.1 Detecting Conversation Groups as a Social Context

Hall [1] introduced a concept called proxemics, i.e., measurable distances between
people as they interact. Many studies in the domain of ubiquitous comput-
ing have attempted to detect social contexts by estimating users’ positions and
mutual orientations based on proximity detection via infrared tags [2,3], loca-
tion detection according to signal intensity of Wi-Fi access points [4], the use
of Bluetooth Low Energy (BLE) [5], visual tracking of groups of people [6,7],
and various other techniques. In addition, Kendon [8] proposed F-formation as
a measure of social interaction. F-formation detection [9–12] involves analyzing
physical clusters of people as well as proximity detection.

Physical clusters of people could be candidates for conversational fields. How-
ever, it is difficult to determine conversational fields according to cluster size
because the physical size of conversational fields can easily vary depending on
the size and shape of the space, the crowdedness of people, and the particular
social situation.

Previous works have aimed to estimate ad-hoc groups based on ambient
sound similarity. Techniques that use sound to detect groups and their locations
can be roughly divided into two categories: those that are analogous to finger-
printing [13–15] and those that analyze the similarity of each sound [16–18].
To utilize techniques analogous to fingerprinting, the environmental sound of
each place must be recorded in advance. For example, Aoki et al. [19] proposed
a method to detect conversation groups from collocated multiple simultaneous
conversations. Their method needs prior training with users’ speech data. In
contrast, Wirz et al. [20], whose aim and approach are similar to ours, reported
a detailed performance evaluation of their proximity estimation method. Their
method records ambient sound on each microphone synchronously, and calcu-
lates similarities. We are more interested in application development with simple
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and light implementation, and this paper aims to provide practical findings from
our trials in various fields.

Nakakura et al. [21] proposed a system called Neary, which detects conversa-
tional fields containing people in a conversation by comparing sound similarity
among them. The similarity in auditory situations between each pair of users
is measured according to the similarity in the frequency properties of sound
captured by the users’ head-worn microphones.

Intuitively, users whose microphones receive similar sounds (voice of a cer-
tain person, ambient sound, etc.) are regarded as the members of a conver-
sation. In this method, people situated in the same sound environment are
naturally grouped in the same conversational field, independent of its physical
size. The conversational fields detected by this method match the granularity of
social activities such as meetings, lectures, and group tours. The method is also
adjustable to various conversational field sizes, from ad-hoc chatting to a lecture
in a large hall (Fig. 1).

Fig. 1. Distance between participants and the physical size of conversational fields
depending on social activity and situation.

Neary is implemented using a simple algorithm and runs on portable PCs.
Preliminary experimental results show that Neary can successfully distinguish
groups of conversations and track dynamic changes in them. This study aims to
deploy Neary to track users’ participation in conversational fields during daily
activities, and provide a browser that can quickly search the users’ lifelog videos.

2.2 Smart Video Viewing

There are two categories of techniques that enable users to browse videos quickly:
fast-forwarding techniques [22,23] and video summarization techniques [24–27].
Fast-forwarding techniques reduce camera shaking and fast-forward the video by
resampling frames. However, fast-forwarding does not consider the events in the
video. On the other hand, video summarization techniques extract scenes in the
video based on cue detection achieved by hand activity recognition [28–30], face
recognition [31], and activity segmentation [32]. However, users cannot know the
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context of an extracted scene. Additionally, if the detection result is wrong, it is
possible that an important scene has been missed.

Higuchi et al. [33] proposed EgoScanning, which facilitates rapid browsing
of egocentric videos. Hand activity, face recognition, and the movement of the
person who recorded the video are used as cues; these are shown on the video
timeline to indicate regions of detection. The aims of their study are similar to
ours. We facilitate browsing using conversational fields as cues, and show them
on the seek bar.

3 Detection of Conversational Fields and Its Application

3.1 Detecting Conversational Fields

System Overview. Figure 2 shows our vision of context-aware applications
using conversational field detection, which is described in this section. Neary, our
previously proposed system, used a small computer and detected conversation
groups by using a peer-to-peer approach. We implemented a Neary server in
this study in order to increase the flexibility of access to conversational field
information by client applications.

Fig. 2. Overview of our applications based on conversational field detection.

Additionally, we aim to detect approximate locations of conversation groups
by installing the same device with ones worn by the participants. The device,
which is installed on an object or some part of the environment, is called an
environmental node, and it enables us to recognize the position and physical size
of conversational fields. Meanwhile, the device-wearing participants are called
human nodes.
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Our goal is to propose applications based on conversational field recognition
systems, such as ambient displays or robot guidance. Hence, we use smartphones
for detecting conversational fields. For this study, we built a smart video viewer
system that depends on conversational fields based on auditory similarity.

Sound Sensing by Mobile Devices. In this subsection, we outline our
method of sensing by mobile device, which enables us to run our client soft-
ware. We used the Nexus 5 as a mobile device, after considering the frequency
response of the microphone; in order not to worry about the differences in the
sound frequency characteristics between devices, we made all devices Nexus 5.

Figures 3 and 4 respectively show people wearing the device as human nodes
and the device installed as an environmental node on a poster. Installing the
device in the environment enables recognition of the positions of conversation
groups and the sizes of conversational fields, because if human nodes and a
group being recorded by the environmental node on the poster are judged by
our method to be the same group based on auditory similarity, we can deduce
that people are near the poster.

Fig. 3. Worn device (Human node). Fig. 4. Environmentally installed device
(Environmental node).

Detection of Conversational Fields. We employ a detection algorithm that
analyzes auditory similarity. Our algorithms are based on those of Neary [21],
because Neary has a sufficiently high precision ratio and is lightweight. We opti-
mized the parameters of the algorithm in accordance with the devices used for
conversational field detection in this study.

The Neary algorithm obtains the similarity between each pair of devices and
judges whether or not there are conversation groups, based on a threshold. The
algorithm is as follows:

1. Record audio by microphone-equipped smartphone.
2. Process the sound data using a fast Fourier transform (FFT) every six

seconds.
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3. Extract frequency characteristics ranging from 50 Hz to 1600 Hz in 1 Hz
increments.

4. Compare feature amounts obtained via cosine similarity to that of other
devices, using the following formula:

Cos(u, v) =
∑1550

i=0 (ui) × (vi)
√∑1550

i=0 (ui)2 ×
√∑1550

i=0 (vi)2
(1)

u and v are device identifiers
5. Every 80 s, count the number of instances in which the threshold of 0.75 is

exceeded.
6. If number of instances in which the threshold is exceeded is increasing, judge

these devices as belonging to the same conversational fields.

We made a few modifications to the Neary algorithm. In Neary, one sec-
ond of non-silent content is extracted from a six-second buffer (feature amount
extraction step 2); however, its performance suffers owing to the time lag on
each device. Therefore, in this study we use the entire six seconds of sound
data for calculation. Moreover, the threshold was defined as 0.775 in Neary, but
we adjusted it to 0.75 (step 5), because we use different microphone-equipped
smartphones.

Next, our system performs the smoothing of sequentially obtained results
using the above algorithm. Conversational field information is obtained once
every second. If the degree of similarity exceeds the threshold more times than it
does not until 36 s before the end of the time period, these devices are considered
co-located. In addition, smoothing is performed on conversational fields using
two values. However, these parameters were determined based on the data, and
this algorithm generates time-lag between judgement results and videos; thus,
we synchronized the video to the result.

Scene of Detecting Conversational Fields. We show a scene in which con-
versational fields are detected and comprehended.

Figure 5 shows movement among three conversation fields. The left side of
the figure shows actual video images used as ground truth data. The right side
of the figure shows a graphical representation of corresponding scenes based
on detection results produced by our system. Human nodes are expressed as
human pictograms, and environmental nodes are expressed as rectangles. There
were three conversation groups in this scene. In addition, some participants were
wearing the devices. Devices were installed on all tables as environmental nodes.
The man surrounded by red circles was moving among the conversation groups,
and he wore a device identified as 3d6db. His activity is tracked as shown in the
node graph.

Figure 6 shows the combining of two conversational fields into one. At the
beginning the participants were talking in two different groups, but later they
began conversing between the two conversational fields. Therefore, the physical
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Fig. 5. Tracking a participant who moves across different conversation groups. (Color
figure online)

size and dynamics of conversational fields can be detected by our method, as
shown in the node graph.

In contrast, Fig. 7 shows a state of separation. The man surrounded by red
circles was a moderator, and he was calling participants. However, there were
two participants who were talking at presentation booth 1, and ignoring the
moderator. In this case, these two participants are close to the moderator, but
we believe they should be regarded as another group. However, the classical app-
roach based on physical clusters of people cannot distinguish them. In contrast,
our proposed system can distinguish between participants in such situations.

We can recognize approximate physical size and dynamics of conversational
fields, and distinguish conversational fields. Using these comprehensions, our
proposed system can facilitate video browsing.

3.2 Indexing Shared Experience Videos by Detected Conversation
Groups

Figure 8 shows our proposed system that aids the browsing of shared experience
videos. The system displays a cue on the seek-bar and visualizes conversational
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Fig. 6. Two conversational fields merged into one.

Fig. 7. Two participants are talking while the moderator is speaking. (Color figure
online)

fields as node graphs. Users can browse multiple videos using cues based on
members, conversation groups, or their positions.

A cue is expressed in n-colors (where n is the number of conversational fields
in the data) depending on conversational fields that contain information on con-
versation group members and their positions. Accordingly, if there are no groups,
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the cue is colorless. Moreover, we assign similar colors for similar conversational
fields. We explore scenes in multiple first-person videos using cues based on
conversational fields.

In addition, if the user searches for a certain conversation group member,
the system only shows cues that include the chosen member. Thus, if the mem-
ber being searched for does not belong to any conversation groups, the cue is
expressed as colorless.

Fig. 8. Proposed system: Showing cues and node graphs based on conversational field
detection.

4 Experimental Evaluation

4.1 Experiment

We compared our proposed system to existing video playback software (baseline).
We measured the time taken to complete some assigned tasks and conducted a
significance test between our proposed system and the baseline software.

We recruited three participants (subjects 1, 2, and 3), and assigned them
eight tasks from two datasets (datasets A and B). We observed the subjects to
gauge their reaction to our proposed system, in order to confirm whether con-
versational field information is useful. Finally, we conducted a semi-structured
interview.

Datasets Used for Experiment. We prepared two datasets (datasets A and
B), and recruited some participants who belong to the same laboratory as the
evaluation experiment participants. These data were recorded in a poster pre-
sentation session, because we are confident that our proposed method can detect
conversational fields in crowded areas and easily detect the dynamics of conver-
sational fields as participants move to listen to a presentation.

Figure 9 depicts poster presentation situations from datasets A and B. These
datasets are markedly different in terms of scale. Further details on datasets are
listed in Table 1.
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Fig. 9. Circumstances of poster presentation in datasets.

Table 1. Dataset details (video was recorded using cameras worn by participants.

Dataset A Dataset B

Participants about 30 about 600

Presentation booth 9 61

Human node 6 6

Environmental node 3 2

Videos 3 5

Video length 01:12:00 00:57:31

Time elapsed after recording 6 months 2 months

We assigned four tasks for each dataset. The four tasks for dataset A were
referred to as A-1, A-2, A-3, and A-4 (likewise for dataset B).

Dataset A included a video that was recorded by subject 1. However, subjects
2 and 3 did not participate in the presentation in dataset A. In other words,
dataset A was not familiar to them. Meanwhile, dataset B included a video that
was recorded by subjects 2 and 3. Accordingly, subject 1 was unfamiliar with
the videos in dataset B.

Finding Task for Specified Scene. We prepared tasks such as determining
“When did participant A converse with B by poster X ?” Figure 10 shows an
example of solving a task.

When given the task question “When did participant A converse with par-
ticipant B,” one should watch multiple videos recorded by participants A and B,
then make a judgement based on their video images and voices. If it is uncertain
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whether they conversed, it is necessary to watch other videos recorded by other
subjects from a third-person viewpoint.

Fig. 10. Example of task for finding specified scenes.

4.2 Results of Time Taken to Complete Tasks

Task completion times for each task and subject is presented in Table 2 and
Fig. 11. The cells shaded green in Table 2 indicate the amounts of time taken
to complete the task with the help of our proposed system. The figures in red
indicate the amount of time the subjects needed to complete tasks that involved
watching their own data.

Figure 11 shows a comparison between the proposed system and the baseline
software. The blue bar in the graph represents the completion time achieved by

Table 2. Amounts of time needed to complete tasks (in seconds): Red figures represent
times measured when subjects watched their own data. Black figures represent times
measured when subjects watched the data of others.
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Fig. 11. Task completion times (overall): These graphs show a comparison between
our proposed system and the baseline software.

using our proposed system, and the green bar represents the completion time
achieved by using the baseline software. Conducting a statistical significance
test (p < 0.05) revealed that, in the case of browsing video data of other people,
there was little difference between the proposed system and the baseline software,
because the measured time did not vary widely.

In contrast, we observed a significant difference in the case of subjects brows-
ing videos that included their own data (see left side graphs in Fig. 12). As a
result, it was confirmed that our proposed system can aid the watching of videos
that include the user’s own data.

4.3 Observation and Interview

We observed the subjects to confirm their reactions while using our system. We
noted that it appeared difficult for subjects to determinewho someonewas convers-
ing with, because it is difficult to confirm conversation groups from videos. More-
over, our cue information is nonfigurative, and we defined conversational fields as
groups hearing the same voices or environmental sounds. In other words, we regard
hearing and conversation as the same; thus, the subjects were confused by the task.

After the tasks were completed, we conducted a semi-structured interview
with the subjects. First, we asked them about the cue, and received the comment
that “The cue is almost correct.” Next, we asked them why they had difficulty
completing the task, and were told “It is difficult to judge instantly, because
these videos occasionally lose conversation partners,” and “I was confused by
the expression of the task.”
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Fig. 12. Task completion times (separated): Graphs on left show a comparison between
the proposed system and the baseline software when watching familiar videos; graphs
on right represent watching unfamiliar videos.

5 Limitations and Future Work

Our experimental results suggest that our system can help users browse videos
that include one’s own experience. However, our evaluation and analysis were
inadequate. Three participants did not allow adequate assessment of the pro-
posed system. Moreover, the analysis method was insufficient, because we only
conducted interviews and measured task completion times in our evaluation.
Therefore, our observations and results were not fully supported.

We would like to perform an evaluation with more participants. We will
provide data that support observations based on eye-tracking analyses and log
data analyses. Moreover, we aim to design a questionnaire that supports the
effectiveness of the proposed system.

6 Conclusion

We proposed a system to aid the browsing of shared experience data that includes
multiple first-person view videos. With this system, users can avoid the tedious
task of searching through lengthy videos. Our system aids browsing by using
the video seek-bar to display indices based on conversational field information,
including that related to participants and approximate location of group con-
versations.

We conducted an experiment to evaluate the ability of the indices to decrease
the time needed for finding specified scenes in lifelog videos. Our experimental
results suggest that our system can aid the browsing of multiple videos that
include one’s own experiences. On the other hand, the system has not been
proven to aid the browsing of unknown data.
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