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I'm Here! : a Wearable Memory Augmentation

System to Support an Object-finding Task"

Takahiro Ueoka

Abstract

This thesis discusses a wearable memory augmentation system used to
make a person’s object-finding tasks in his/her everyday life efficient. A person
tends to have to accomplish a task to find a target object held and moved by
him/her in an everyday environment. The task, named an object-finding task, is
caused by ambiguity of human memory activity such that a person forgets where
he/she last placed a target object. If the person recalls where the target object
has been placed last, he/she can effectively find the object without wasting time.

To support a user’s object-finding task, this thesis proposes a wearable mem-
ory augmentation system “I’m Here!” which displays a video of his/her viewpoint
recorded when the target object was last held by him/her. I'm Here! employs a
vision-based object recognition method to identify the object observed in view-
point images captured by a head-mounted camera device. I'm Here! has a simple
system construction without any additional device exclusive for object identifica-
tion. Preliminarily, the user wearing I'm Here! only has to register appearances
and names of target objects. The user then can retrieve the video of a target
object by only selecting the name of the object.

This thesis discusses the following two topics to evaluate the system design of
I'm Here! : (1) The contribution of I'm Here! in supporting object-finding tasks
through experiments with subjects using first-person videos, (2) The implement-
ability of I'm Here! through functional evaluations of novel camera devices which

play an important role in recording the first-person video.

* Doctor’s Thesis, Department of Information Processing, Graduate School of Information

Science, Nara Institute of Science and Technology, NAIST-IS-DT0261008, March 18, 2005.



(1) To evaluate the significance of the I'm Here! system design, subjects
were given tasks to find target objects in their everyday environment using the
experimental I'm Here! system. The experimental ['m Here! system includes
a mounted video database preliminarily constructed with a controlled object-
recognition ratio. On the other hand, to evaluate the reliability of first-person
videos recorded and retrieved by I'm Here!, subjects watched experimental first-
person videos and answered questions about how each video might be useful in
finding the target object. Fach experimental first-person video was preliminarily
created by the method that I'm Here! employs under the condition of a view size
parameter. Through these experiments, parametric requirements were included
in the object recognition ratio and the view size of the first-person video.

(2) T have developed novel camera devices named the “ObjectCam” series,
needed for the object recognition function. These devices are designed to extract
images of a target object from first-person videos by eliminating background re-
gions in real time. Two experiments were conducted using the ObjectCam series.
In one experiment, a histogram-based object recognition method with a proto-
type ObjectCam was implemented and demonstrated. As a result, a sufficient
object recognition ratio to support object-finding tasks was marked. In the other
experiment, ObjectCam?2, the latest version of my cameras, was tested to see if it
could extract target object images accurately under an environmental condition
in which actual object-finding tasks can occur. As a result, I found that Ob-
jectCam2 possesses the ability to extract target object images under a practical
environmental condition.

With these results, this thesis shows that the system design of I'm Here! is
effective and practical when used to support a user’s object-finding task in an

everyday environment.
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Chapter 1

Introduction

1.1 Goal of Thesis

Currently, information services provided by computers are utilized on an ev-
eryday basis to perform tasks more efficiently and with less effort. Computers
process vast amounts of data to achieve information services such as the creation
and storage of documents and the retrieval of documents, music and videos.
Nonetheless, some , people still spend considerable time looking for objects (in
object-finding tasks) which are neither exciting nor meaningful. People often
try to find a target object such as a key, or some other target object that they
misplaced and cannot find, but need immediately. Finding a target object often
wastes a great deal of time in the daily life of many people. Information tech-
nologies should be used to support such troublesome tasks so that human life will
be easier and more comfortable.

The main goal of this thesis is to propose and evaluate a design for a wearable
computing system supporting a user’s target object-finding task by augmenting
human memory activity. A number of related studies have challenged to support a
user’s object-finging tasks in his/her everyday life. Winograd and Soloway (1986 )
investigated relationships between objects and locations from the perspective of

human memory. Shingaki et al., (2003) investigated how human loses objects in



everyday environment with focusing cognitive process. Terai and Miwa (2004)
analyzed human’s cognitive process of object-finding task with focusing similarity
between the process of object-finding task and the process of insight problem
solving.

This thesis mentions evaluations of a system design for supporting a user’s
object-finding task with focusing two fundamental points. The first point requires
an evaluation of an object recognition ratio to create an effective memory-aid.
The other point requires the evaluation of a view size for a first-person video, in

other words, a video captured from the view point of a user.

1.2 Augmented Memory

This section discusses Augmented Memory by briefly reviewing the literature
pertaining to studies of wearable computing and Augmented Memory. Needing
to find an object is caused by failures of human memory activities. Psychological
studies have shown that the human brain tends to cause mistakes in the process
of memory activities (Nickerson, R. S. and Adams, M. J. 1979). Human memory
consists of two basic parts, a short- term memory and a long- term memory. Long-
term memory includes memory activities with episodic memories. Tulving, E.
and Thomson, D.M. (1973) have noted that episodic memory contains a person’s
experiential episode, which differs from semantic memory, such as the meaning
of words. Failures in memory activities sometimes last long enough so that a
person many never be able to recall a particular episodic memory required for
object finding tasks. The required episodes can be recovered only if they have
been recorded on a certain media or if they have been shared with other persons.

Augmented Memory, a concept used to support augmentation of a person’s
memory activities, has been proposed in recent years (Rhodes, B. 1997). An
Augmented Memory system has been studied in area of wearable and ubiquitous
computing. Wearable sensors can be used continuously to accumulate intimate
information included in videos of the user’s viewpoint. For example, an Aug-
mented Memory system with a head-mounted camera accumulates video of a

user’s viewpoint into a wearable computer as his/her visual experiential memory.



In the case that the user wants to recall his/her lost memory, he/she can utilize
the Augmented Memory system to replay a video of his/her viewpoint required
for the recollection. The possibility of implementing the concept of Augmented
Memory has increased as recent technology has progressed. If a person records a
video from his/her viewpoint into storage medias during 16 hours in a day with
encoding in 1Mbps, the size of the accumulated video data will be approximately
190 TiBs (Terabinary Bytes) after 80 years later. Storage media will become
cheaper and smaller as PCs become cheaper and smaller. A personal storage

media with 190 TiBs of memory will be reasonably priced in the years ahead.

1.3 Wearable and Ubiquitous Computing for Aug-

mented Memory

Several studies discuss achieving memory-aid applications by using wearable
computing environments. Mann, S. (1997) utilized sensors and cameras to record
everyday life. In studies by Kawashima, T. et al., (2002) and Toda, M. et al.,
(2003), a wearable video segmentation system that recognizes location and human
action has been studied. Jebara, T. et al., (1998) and Shiele, B. et al., (1999)
proposed DyPERS, a system to record andreplay a user’s visual and auditory
scenes. VizWear-Active, a shoulder-mounted camera system, supports a user’s
ability to recall events such as recognizing andtracking human faces (Kato, T.
et al. 2002). Kidode, M. (2002) produced a project named WIPS to integrate
wearable media technology. Actually, my studies mentioned in this thesis has
been joined in WIPS.

Memory-aid systems based on ubiquitous computing technologies also have
been studied. The concept of ubiquitous computing was first proposed by Weiser,
M. (1991). Lamming, M. and Flynn, M. (1994) proposed a PDA-based portable
system to aid episodic memory utilizing ubiquitous sensors in a laboratory. Sumi,
Y. et al., (2002) proposed a method using wearable and ubiquitous sensors to gen-
erate video-based experience summaries. This method is based on the notion of

an interaction corpus, which illustrates human behaviors andinteractions among



humans and artifacts.

In parallel with application studies, evaluations of the effectiveness of Aug-
mented Memory have been the focus in some studies. Ueoka, R. et al., (2001)
discussed an applicable view angle for constructing a video-based experience
database. Narita, N. et al., (2000) have been investigated a effectiveness of wide-
screen display by comparing sevral aspect ratios. MylLifeBits system utilizes a
neck-worn camera named SenseCam to store pictures illustrating a user’s lifetime
(Gemmel, J. et al., 2004). Lenses for SenseCam in different width of view angle
has been compared so that recorded pictures can illustrate what the user is see-
ing. This thesis focuses a proper view angle of lens to capture first-person videos

for supporting a user’s object-finding task.

1.4 Overview of Thesis

In this thesis I propose a system named I'm Here!l, as a wearable system to
support an object-finding task using Augmented Memory. This thesis contributes
to create a wearable system that may be utilized by a user with comfort in his/her
everyday life.

I'm Here! has been developed as a module of a SARA framework which
utilizes Augmented Memory to organize a user’s everyday memories just like using
a photo album to recall memories (Kono, Y. et al., 2003). SARA contains not
only I'm Here!l, but also the following systems. Ubiquitous Memories provides a
video accumulate andretrieval interface based on real-world objects with attached
RFID tags (Kawamura, T. et al.,2003a). Residual Memory is a vision-based video
retrieval system for recalling past events at certain locations (Kawamura, T. et
al., 2001). Nice2CU supports a user’s recall events associated with acquaintances
(Kawamura, T. et al., 2003b). The study of the SARA framework discusses
that these modules should be integrated complementarily to allow users to access
augmented memories freely and alternately.

Figure 1.1 denotes the logic structure of this thesis. Chapter 2 discusses
the concept of the proposing a wearable system by comparing related works.

In Chapter 3 discusses the overview of the proposed system design and details



subject-centered experiments to establish the objective parameter values needed
in an ideal system. Chapter 4 discusses in detail the implementation related to
the most important modules of the proposed system. Experimental evaluations
of the implemented modules are also explained in chapter 4. Chapter 5 discusses
contributions created by this study, and concludes this research with discussions
about extended functions to make the wearable Augmented Memory system more

useful in the future.
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Chapter 2

Augmented Memory to support
object-finding task

This chapter mentions a concept design of wearable system named I'm Herel.
I'm Here! is designed just for supporting memory activities triggered by objects
on the basis of the concept of Augmented Memory previously denoted in Chapter
1.

2.1 Problems of Object-Triggered Memory Ac-
tivities

Many objects trigger memories in a user’s everyday life. Shingaki, N., et
al. (2003) note that the number of object a person owns in his/her everyday
environment is larger than 10,000. In an empirical case of a student, the number
of hand-held rigid objects owned by him is about 180. The following presents

example problems of memory recollections triggered by objects.
[A person (e.g. “Tom”) can’t recall...]

1. a nostalgic episode or a memorandum related to an object he handles
2. a person to whom he has lent an object he handles

3. a person from whom he has borrowed an object he handles



4. how he has used an object he handles last time

5. what objects he has to take with himself for a trip
6. what objects he needs to do a certain task

7. where he placed an object

8. the price of an object sold in another shop to compare it with another similar

one sold in front of him

In this study, I notate the case 7 denoted previously, a failure of recalling location
where a person placed a target object in his/her everyday life. There are many tasks
each of which needs a specific object in everyday life. If a person cannot recall where
the specific object is placed, he/she comes to search for the object before solving the
task. In this paper the task searching for object is named as an object-finding task.
People spend their resources such as time and energy to object-finding tasks in their
everyday life. Actually, Davenport, L. (2001) notes that an average businessperson
spends 150 hours in one year for the object-finding tasks. The object-finding task can
also occur before another memory activities denoted in previous case 1, 2, 3, 4 and
8. People would be able to finish the object-finding task immediately by supporting

recollection where the object was placed.

2.2 object-finding Support with Augmented Mem-

ory

Figure 2.1 illustrates a conceptual image of I'm Here! supporting object-finding
task. I’'m Here! diplays appropriate video to the user when it is required for the user’s
memory recollection. For example, I’'m Here! records a first-person video when he/she
places a pen case onto a table automatically. I’'m Here! also annotates a name of the
pen case to the video displaying the pen case held by the user. The name of the pen
case is preliminarily registered by the user. The user can watch the last video only
by feeding a name of the target pen case to I’'m Here. Even if the user forgets where

he/she placed the pen case, he/she can recall the place by watching the video.
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Figure 2.1. Concept image of I'm Here!

I'm Here! realizes an Augmented Memory with Experience Database and Object
Database. The Experience Database coinsists of videos of a user’s viewpoint with an
index of objects. The Object Database accumulates the name and visual features of
each registered object for vision-based object recognition method. During the user
performs several tasks using registered objects in his/her everyday life, I’'m Here! con-
tinuously stores his/her experiences triggered by objects into the Experience Database.
The scene that the user places an object on a certain place is also included in the Expe-
rience Database. To index the Experience Database with names of objects, I'm Here!
recognizes the object observed in the Experience Database on the basis of vision-based
recognition method with the Object Database.

It commonly happens that a person in execution of a task comes to have to do the
other task preferentially. In this paper I call the situation that a task is interrupted
by the other task as “task interruption.” The object-finding task tends to occur in
association with the task interruption. Following story illustrates an example of the

situation :

When a student named A had a few break with a cup of coffee, he was called
by a research assistant for supporting an urgent experiment. A placed his cup
on a window ledge near him and moved to the experimental room to support the
experiment immediately. After that, A performed other tasks in a row without
caring about his coffee cup placed by himself. When A was suddenly tempted to

drink a coffee, he found himself forgetting where the cup was placed. A searched



for the cup in everywhere he might have placed the cup, and finally found the

cup on the window ledge with spending more time and energy.

In the example illustrated above, the task interruption caused A’s lack of attention
to the cup. The failure in memorization of the location where the cup was placed has
been triggered by the lack of attention.

I’m Here!l, mentioned above, supports such failures in a user’s memory activities.
During a user wears I'm Here! system, I’'m Here! continuously captures video of the
user’s viewpoint into Experience Database with index of observed objects which are
preliminarily registered in Object Database. The function of capturing and indexing
aids the user’s lack of attention to the target object, and also aids the user’s failure in
memorization. The failure in retention and recollection, the other memory activities,
are also aided with the Experience Database constructed on a nonvolatile storage of

I’'m Here!.

2.3 Related Works

Shinnishi et al. (1999) have proposed “Hide and Seek,” an object-finding support
system based on a concept that the target object responds by sound to a user’s call.
An active ID tag used in Hide and Seek consists of an infrared signal receiver and a
speaker. Each active ID tag is attached to each target object. A Controller of Hide and
Seek has an infrared signal transmitter and a microphone. When the user pronounces
the name of the target object, the controller transmits infrared signal specified to
the 1D of the object. In respond to the signal, The active ID tag makes a sound.
The user can understand the location of the target object from hearing the controlled
frequency of the sound depending on physical relationship between the controller and
the tag. Hide and Seek is expensive to introduce and maintenance of the system in
environmental improvement, such as attachment of tags to target objects and charging
tag batteries. I'm Here! can be introduced and maintained less expensive than Hide
and Seek. Because I'm Here! only requires operations for registration of target objects
to a user in the system introduction.

lkeiet al. (2003) proposed “iFlashBack,” the wearable video retrieval system to sup-
port a user’s ability of memorization. iFlashBack consists of a head-mounted camera,

a head-mounted display and RFID tag/tag reader. iFlashBack automatically captures

10



video of the user’s viewpoint and segments the scene of the user’s handling a target
object with an RFID tag attachment. When the user releases the target object, iFlash-
Back displays the last segmented scene again to the user. The user’s memorization is
reinforced by a rehearsal effect caused by reviewing the scene. iFlashBack assumes that
the target objects have been preliminarily attached to target objects. I'm Here! is more
practical than iFlashBack with direct displaying of the don’t use any tags attached to

objects.

11



Chapter 3

I'm Here! system design

This chapter mentions a system design of I'm Here!l. The system design is for
single user only. I'm Here! helps him /her finding a hand-held rigid object placed by

himself/herself in his/her everyday environment.

3.1 Overview of I'm Here! System Design

Figure 3.1 illustrates a design for the object-triggered memory augmentation system.
There are three phases in using the system : registration, indexing, and retrieval. The
example system is composed of a PC, a Head-Mounted Display (HMD), a wearable
camera that can capture a first-person video, and an input device/interface. In the
example, the system records a video as experience data by using the wearable camera.
The wearable camera is also employed to detect an event such as when a trigger object
is handled, and to identify the object. The system can get an identification (ID) number

after the object identification process.
Registration Phase

e State A: The user registers a trigger object as preparation for recollection of

his/her experiences.

e State B: The user enters the data, e.g. an object name, an owner name, and

attributes like a category class by using the input device/interface.

Indexing Phase

12
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Figure 3.1. Phases of an object-triggered memory augmentation system

e State C: The system continuously records a video by using the wearable cam-
era. When the user handles a certain registered object, the system detects
the event and identifies the object by using the input device/interface. The

system then indexes the ID number of the object to the experience data.

Retrieval Phase

e State D: The user enters a query, e.g. the name of a registered object, by
using the input device/interface. The system then retrieves a video associ-
ated with the query. Finally, the system displays the video to the HMD.
The user can use this type of retrieval even if he doesn’t have the registered

object at hand.

I'm Here! handles a user’s first-person video in his/her everyday life to construct
Augmented Memories for supporting his/her object-finding task. The user has to wear
a wearable system of I'm Here! continuously. I'm Here! is designed on the basis of

following requirements for being used in the user’s everyday life.

o Less difficulty in operating I'm Here! interface
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Figure 3.2. An image shot of memory retrieval with I'm Here!

In Phase A on Figure 3.1, the user holds a target object and gazes it from several
angles with rotational operations. Because these rotational operations are freed
from the constraints of rotational direction and operational order, the user can

instantly carry out the phase although he/she first wears I'm Here!.

Phase B and D on Figure 3.1 make the user to manipulate a menu list displayed in
the head-mounted display (Figure 3.2) using an input device. The manipulation
consists of simple motions, shifting menu to sight on a target item and selecting
the target item. It is easy for peoples who are familiar with operations of several

electric appliances to become friendly with the simple manipulation.

e Less behavioural obstruction in a user’s everyday life

I'm Here! constructs Augmented Memories automatically. Phase C in Figure
3.1 constitutes a larger part of the user’s everyday life than phase A, B, and D.
In phase C, the user has only to do his/her everyday activities with wearing the
wearable system. The user is no cause for being conscious of the system’s be-
haviours, capturing a first-person video and constructing Augmented Memories.
By adopting the system design that I explain in this section, the major factor
of I'm Here! that obstructs the user’s everyday activities has been only size and

weight of the wearable system.

The system design of I'm Here! is appropriate to support object-finding task in a
user’s everyday life. On the other hand, it cannot be assured that I'm Here! constructs
complete Augmented Memories for object-finding support. The completeness of Aug-

mented Memories means that it certainly includes every scenes of each target object
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lastly being held by the user. Following factors cause the incompleteness of Augmented

Memories in I'm Here! :

e Vision-based method in object recognition

I'm Here! employs a vision-based method in recognizing target object with its
appearances displayed in a first-person video. It is difficult to achieve perfect
accuracy in the vision-based method under everyday environments. The difficulty

is caused by following factors :

e Partial occlusions of an object image by the user’s hand holding the object
e Chromatic change of an object image relevant to illumination conditions in

everyday environment

e Limited view area of head-mounted camera

Augmented Memories with a first-person video bring merits which are mentioned
in Chapter 2. However, a head-mounted camera device with limited view area
cannot perfectly capture an entire scene of user’s holding a target object from
the user’s viewpoint. Because of impracticability of observing the object, some
partial scenes that the user holds the object off the view area would be dropped
out from Augmented Memories. This problem is relevant to a user’s perception
of a video retrieved from Augmented Memories. The user gets to decide how the
video is believable as a correct scene that he/she lastly holds the target object,

even though Augmented Memories are imperfect.

In following sections I mention two sets of experiments. These experiments aim
to investigate effectiveness of I'm Here! for object-finding support in relation to two
parameters. One is an object recognition rate of the identifying module in Phase C on
Figure 3.1, and the other is a view angle of head-mounted camera. I try to set desired

value of each parameter using results of the experiments.

3.2 Effectiveness of I'm Here!

I have conducted experiments to evaluate the effectiveness of I'm Here! supporting
a user’s object-finding tasks. I have also evaluated both the positive and negative

effects of the system on the behavior of the user by conditioning the accuracy of object
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Figure 3.3. Hardware for the experiments

recognition. To survey the system’s effects and contributions, I have configured the
system and environment for the experiments by virtually setting the accuracy of object

recognition.

3.2.1 Experimental Evaluation

Conditions

The wearable system for the experiments consists of a head-mounted display with
CCD camera, a wearable PC, and a JogDial interface (Figure 3.3). Additionally, a
pedometer is loaded to count the total number of steps in an experiment of the wearer.
The experimental system simulates the retrieval phase. The CCD camera captures the
first-person video only for displaying the real-time video to the user.

The Augmented Memories which were recorded in advance are loaded into the

experimental system. The Augmented Memories are configured by applying a virtual

object-recognition rate which is set as one of the following percentages : {0%,33%, 66%, 100%}.

The percentages represent the assortment of the positive and negative cases included

in each trial of an object-finding task. The positive case represents the case where the
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retrieved video displays the view of the virtual subject, the experimenter, and placing
the target object in its actual place in the target-object placing task. The negative
case represents the case where the video displays a view of the virtual subject placing
an object somewhere other than where the object was originally and actually placed.
The case where an experimental setting doesn’t allow a subject to use the interface of
the system is named as the without-system case.

The experiments were performed in my laboratory environment. Twenty-one preset
places where the objects could possibly be placed were defined in advance. Twenty-one
objects were prepared and each object was placed at a predetermined specific place.
Two patterns of correspondence between the objects and the places are defined. These
patterns also determine the sequence of placing the objects.

The subjects are seven male students of my laboratory who are familiar with the
environment. Each subject carried out two experimental trials with the interval of a
day between trials. The first and second trials for each subject have different patterns

of object-place correspondence, and are common to all subjects.

Methods

A trial consists of 1) an object-placing task with a pattern of object-place corre-
spondence, 2) memory-stressing tasks, and 3) an object-finding task. At the end of
the second trial, each subject performed 4) an auxiliary data-extracting task. After a
month of doing task 4, each subject is 5) interviewed.

e Task 1: The object-placing task

In this task, a subject wearing the virtual online version of the I'm Here! system
places all twenty-one objects in a designated target area one by one via his shuttling
between the starting point and the target place. At the starting point, the subject gets
the object with information displayed on a card and a map. The card indicates the
name of the object with its image, and the map indicates the location of the target
place to put the object. A view image of the place for detailed annotation of the target
place is attached to the map. The pedometer counts the total number of steps walked
by the subject. Both the steps and the time required by the task are recorded.

e Task 2: The memory-stressing task

When the subject finishes task 1, he then performs the memory-stressing tasks

before the finding task. The subject memorizes the location of twenty-five numbers
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on a b X 5 array within ten seconds. Then he sequentially clicks grids of the array in
ascending order of the numbers without displaying the numbers. Throughout this task
each subject adds stress to his memory.

e Task 3: The object-finding task

In this task, the subject seeks three objects one by one while walking around the
experimental environment. Before he starts walking, the card displaying the name and
an image of the target object is shown to the subject. Next, the subject is allowed to
operate the interface of the system only once, i.e., he selects an object with the Jog
Dial interface, if the setting of the trial is not the without-system case. The virtual
online system then displays the video previously associated with the object on the
head-mounted display. Positive and negative cases in a task have been controlled as

the setting of the task as below :

In the 1st experimental trial of subject P, the object-recognition rate is
virtually defined as 33%. In P’s object-finding task, the retrieved videos
consist of one positive case and two negative cases, i.e., in a positive case
the video shows the scene of placing the target object where it has actually
been placed, and in each two negative cases, the video shows the scene of

placing the target object where it had not actually been placed.

The number of steps and the time required by the subject’s walk are recorded in
the same way that the object-placing task was done.

e Task 4: The auxiliary data-extracting task

In this task, the subject performs a short and long shuttle walk. Fach walk consists
of a starting, turning, and stopping motion, the same as the walk in the object-placing
and finding tasks. The total steps and the time required by the walk are recorded as
the normal walking data for the subject.

e Task 5: The interview task

In this task each subject is interviewed by an experimenter about his internal states
of mind during the experiments. A subject answers some questions interactively, and
the questions mainly consists of A) How he memorized the place of objects in task 1,
B) What he was reminded of at the time the card indicating the name and an image
of the target object is displayed in task 3, C) How he felt about the reliability of the
displayed video in the case of using the system, and D) How he decided on his strategy
to seek the target object.

18



Parameters

The parameters for calculating the quantitative contribution of the I'm Here! system
are extracted from the recorded data. To extract the parameters, I assume the subject’s
walking model is denoted by the following variables : 1) W is the total number of steps,
2) L is the length of the optimum route to reach the given object, and 3) 7" is the time
required to pass over the route. 1 also assume a relationship among the variables.
Although the steps and the length are assumed to be in linear dependence, the length
and the time are assumed to be divided into two cases, one case constitutes a constant
velocity walk, and the other case, a zero velocity walk, i.e., temporarily stopping during
a walking task.

The equations below denote the relationship between L and W, and the relationship

between 1" and L in the constant velocity walk.

L=a -W+3. (3.1)

T=~-L. (3.2)

«, B, and v are the coefficient parameters for a subject as decided by the normal
walking data in task 4. When the data sampled in short normal walking is denoted

as {Wo, Lo, andTy} and that in long normal walking as {Wy, L, andT; }, the coefficient

parameters for the subject are denoted as below :

Ly — Ly
= — . 3.3
e AT (3:3)
LoWy — LiWy
= —. 3.4
g bl 3.1
-y
Ll e (3.5)

When the sampled data in task 1 are denoted as {W,,T,} and the data in task 3
as {Ws,Ts}, the length of the route the subject walked in each task is assumed using
equations 3.1, 3.3 and 3.4 as below :

Ly=a-W,+8. (3.6)

Ly=a- W, + 8. (3.7)

19



L, is the full length of the route in task 1, and L, is that in task 3.
The parameters for evaluating the contribution of the I'm Here! system consists of
L¢, Ty and T,. Ly is the length of additional roaming in task 3, as calculated using

equations 3.6 and 3.7 as below :

Li=L,— L, (3.8)

T} is the time required by the additional roaming denoted using equations 3.2 and

3.5 as below :

Ty = Ly. (3.9)

T, is the time required by staying denoted using the result of equation 3.9 as below

T,=T,-T,-1T;. (3.10)

Results
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Table 3.1 Configuration of the number of trials in the object-recognition rate
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Figure 3.4 Contribution of the object-recognition rate to the object-finding task

Figure 3.4 denotes the experimental results evened off by the number of samples
in each setting of the virtual object-recognition rate. Fourteen samples, which consist
of the result of seven subjects each in two trials, are set as table 3.1. The horizontal
dotted line denotes the score of T in the case that the subjects did not access the
object retrieval function of the I'm Here! system. The line crosses to the result with
the use of the system in about 67% of the recognition rate. The result implies that the
system should embody a 67% accuracy at least.

Table 3.2 denotes the mean and standard deviation (S.D.) of T in each group of

the cases in the trials of the object-finding task. The without-system case represents
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Table 3.2. Means and Standard Deviations of the T’

cases without-system negative positive

N 9 18 15
Mean 2.3 19.5 -1.3
S.D. 5.1 35.2 1.4

the case without the support of the interface, and the positive/negative cases represent
the cases of retrieved video that have true/false scenes. Via the result of ANOVA, I
found the significant effect of providing the correct information of the indicated object
for the time required by the subject’s additional roaming in the object-finding task
(F(2739) = 3.41,p < .05). The result of multiple comparisons based on the LSD method
reveals that the mean of T, in the negative case is significantly larger than in the
positive case (M S, = 579.73,p < .05). However, the result also reveals that the mean
of Tr in the without-system case is not significantly different from that in the positive

and negative cases.

Table 3.3. Means and Standard Deviations of the 7,

cases without-system negative positive

N 9 18 15
Mean -0.04 3.03 -0.29
S.D. 4.85 7.50 1.97

Table 3.3 denotes the mean and S.D. of T, in each group of the trial case in the
object-finding task. In contrast to T, no significant effect for the time required by
temporarily stopping during a walking task from the result of ANOVA (F(2738) = 1.56)

existed.

3.2.2 Discussions

On figure 3.4 I found that the I'm Here! system is effective with the user’s object-
finding task when the system has more than 67% of its object-recognition rate. Addi-

tionally, there appears to be a negative effect in using the system when the accuracy of
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the system is below the rate. With the experimental results including interview logs,
I analyzed noticeable cases where revealed worse results in the subjects’ object-finding
tasks with the system than the cases without the system. I found that the subjects
in the worth cases had less reliability in their own memories. They blindly decided to
rely on retrieved videos which actually represented negative cases. As the result of the
decision, they were directed to where the target object was not placed, and roamed
from there to find the target object.

On the interview logs, I found that subjects tended to evaluate the validity of a
retrieved video by comparing episodes detected from the video with their own episodic
memories. The episodes, for instance, if a user places a cup on a table, consist of
the location of the cup on the table, other objects laid on there, appearance of the
room from his/her viewpoint, a sequence of his/her activity, and so on. The episodic
memories of the subjects more or less decreased with time.

I assume that a subject’s reliance on his/her own episodic memories makes his/her
evaluating validity of a retrieved video difficult. When a subject can not evaluate the
validity, he/she has to make a choice between relying on the episodes detected from
the video blindly and ignoring them. If he/she ignores them, the efficiency of his/her
object-finding task will be the same as the task without the system. To make a user’s
evaluating validity of a retrieved video easier, extensional information, e.g. the time
mark of the video, should be shown to him /her.

Additionally, T found that there were certain strategies applied to object-finding
tasks by certain subjects who did not rely on the system. One of the strategies was to
eliminate places where the target object would not be placed. Another strategy was
to test the most possible candidate places where the target object would be placed.
The enhancement of the I'm Here! system, e.g. displaying where the target object
was often placed, will support these strategies and boost the efficiency of the user’s

object-finding task.
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3.3 Reliability of I'm Here!

As I mentioned the last section, validity of a first-person video is one of the most
important features for reliability of I’'m Here!. A video that I'm Here! displays a user is
constrained in its view size by hardware limitation of a head-mounted camera. Within
design phase of I'm Here! system, the view size should be configured to an appropriate
value. In this section, I explain a person’s memory activity in recognizing contexts of
the first-person video for the purpose of finding a target object. The explanation is
based on my model of human memory activity compared to an electric circuit. By using
the model to analyze results of experiments with subjects, I discuss an optimal view size
condition of the first-person video to support human memory activity in object-finding

task.

3.3.1 View size of video supporting object-finding task

I first design a model of a human memory activity related to an object-finding task.
I assume that a person accumulates contexts of an event he/she experienced into a
long-term memory through the memorization process. The contexts consist of four
elements; object, action, time, and location. For example, the object context includes
placing a target object. Features of the target include name, appearance, and texture.
Each of these elements has a certainty factor called “clarity”. For example, the clarity
of a time-element fades with time, or is attenuated by interference with other events.

Next, I explain an ambiguity problem in a time estimation of an event caused by
a time-element with less clarity; for example, the night before a person temporarily
placed a book at a certain location at 19:00, and then, the same night moved the book
to another location at 20:00. If the time-element clarity of the last event has been
attenuated, the user might remember that the last event occurred the night before. As
a result, the last event and the previous event may interfere with each other, and the

user may not be able to decide which event last occurred.

Model of Human Memory to find object

Figure 3.5 illustrates a model of a person’s memory activity to remember where
he/she last placed a target object. In the model, human memory consists of a long-term

memory and a working memory. The long-term memory accumulates events he/she has
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Figure 3.5. Model of human memory to find an object.
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been experienced for a long period. The working memory carries out functions of event
extraction and event evaluation so as to select required events from the large number

of events accumulated in the long-term memory.

STEP 1: the person first determines a target object. He/she then retrieves an event
p, which has object-element and action-element according to the target object
and the placing action, from the long-term memory. The event p is transferred
into the working memory. If the event p has action-element with less clarity, it

is not transferred.

STEP 2: Among events which has been already gathered on the working memory, an
event q is picked up which has never been compared with the event p. If there is
no event preliminarily transferred into the working memory, the person carries

out STEP 1 again with remaining the event p on the working memory.

STEP 3: The person compares the time-elements in the events p and q in terms of
newness. If he/she can decide that q is older than p with certain clarities of their
time-elements, he/she gets q back into the long-term memory with remaining p
on the working memory. If not, he/she leaves q on the working memory with

getting p back into the long-term memory. Only when he/she cannot decide
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which event is older, he/she leaves both of them on the working memory. Cycles
of STEP 2 and STEP 3 are carried out until all gathered events are compared
with p.

STEP 4: If the person is satisfied with candidate events or if his/her time is running
out, he/she halts a number of repeats from STEP 1 to STEP 3. He/she then
extracts candidate locations from location-elements of the candidate events which

have been gathered on the working memory.

To carry out the object-finding task effectively, the person has to remember where
he/she last placed the target object with a certainty. The event which he/she last
placed the target object should have a time-element with large clarity so as to avoid
interference with other events. On the other hand, the number of candidate events is
desired to be as small as possible.

By the use of the model mentioned above, problems in a person’s memory activity

for an object-finding task can be classified into following patterns :

(i) He/she cannot recall any event which he/she last placed the target object.

(ii) He/she tend to recall a number of locations on where he/she might place the

object.

(iii) He/she cannot recall any location even though he/she remember that he/she

placed the object on somewhere.

I call the event which he/she last placed the target object on the location as “correct-
event”. The problem (i) can occur if the action-element in the correct-event, i.e. the
placing action, has less clarity. The correct-event with attenuated action-element can-
not be transferred into the working memory in STEP 1. In the result, outputs in STEP
4 cannot include the location-element of the correct-event.

The problem (ii) can occur with less clarity of the time-element in the correct-event.
Because of interference of the event p and ¢ in time-element, both events are left on
the working memory. In the result, the person outputs a number of candidate locations
extracted from candidate events. The problem (iii) can occur if the location-element in
the correct-event, which indicates the correct location where the person placed the tar-
get object, has less clarity. The correct-event can be gathered on the working memory

in STEP 2, but the location-element with less clarity has no information to be reflected
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in outputs in STEP 4. In the result, the person cannot recall the location where the

target object was placed.

Effectiveness of first-person video for human memory

The user can get contexts of a correct-event from a first-person video of the event
when the system shows the user the video preliminarily recorded with HMD. The user
can get clarity of the time-element in the correct-event accumulated in his/her long-
term memory. In the result, the user can find the target object effectively. The contexts
consist of location and action. The location is illustrated by landmarks, and the action
is denoted by continuous movement of the hand with the target object as an action. If
the user recognizes these contexts, he/she can use them to perceive the action of placing
the target object and to identify the location appearing on the video. This action of
recollection and location recollection, mentioned in Figure 3.5, will be reinforced by the

results of (1) and (2) below :

(1) Newtson, D. A., (1976) notes that human can perceive a continuous action stream
as a sequence of clearly segmented action units. When a user watching a first-
person video perceives the action placing the target object, he/she should recog-
nize any contexts in the video necessary for the perception. I assume that there
is a key context called “action segmentation point.” 1 also assume that the ac-

’ such as a movement

tion segmentation point accompanies “preparative action,
of hand with the target object preparing to place. Figure illustrates the overview

of them.

(2) When he/she watches a first-person video to find a target object, he/she should
identify a location appeared in video to compare with his/her memory of the
location. Landmarks, such as objects preliminarily set up on a location, are
necessary to identify the location. I assume that a person’s memory of location,
included in an episodic memory, can be represented by combination of position
and character of landmarks. With comparing such features of landmarks, he/she
can narrow down number of candidate locations. Note that everyday environment
consists of a number of locations linking to each other directly or indirectly. Even
if a person cannot identify a location appeared in a scene of video, he/she still
be able to estimate where the location is with relationship between locations

appeared before or after in the video.
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Figure 3.6. Overview of contexts for perceiving an action placing a book.

If the clarity of the time-element in the correct-event increases, the user will be able

to get the following benefits in the model of memory activity :

(a) The action-element in the correct-event will be reinforced, and the user can avoid

problem (i) by making STEP 1 well.

(b) Because the clarity of the time-element in the correct-event has been increased,
the user can carry the other events back to the long-term memory in STEP 3.
In the result, the number of remaining events can be effectively narrowed down

to avoid the problem (ii).

(c) The location-element in the correct-event will be reinforced, and the user can recall

the correct location in STEP 4 and avoid the problem (iii).

Limitation of the first-person video

As I described in the previous section, the system has benefits to basically support
the user’s object-finding task by showing the first-person video. The first-person video,
however, has a limitation in its view size which causes problems such as when the user
is unable to receive the benefits of the video and the user’s context recognition load
increases because of the limitation. And worse yet, the user can misunderstand the
event illustrated in the first-person video.

The amount of contexts illustrated in the first-person video changes with the view

angle of a lens employed in a wearable camera. The variation of view angles affects
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both the “view size” and the “time length” of the video simultaneously. Here I assume
three conditions or rules regarding the wearable camera : 1) the system records a first-
person video only when the user handles a target object in sight of the camera, 2)
an installation condition requires the camera to always keep the same attitude angle
against the user’s head, and 3) a resolution condition that any first-person video must
be displayed in a specific resolution. If the view angle becomes narrower, the target
object illustrated in the first-person video becomes larger. However, the target object
tends to drop out from the sight in the first-person video. The time length during
which the object is illustrated in the video would become shorter. Simultaneously,
the possibility to contain contexts of both action segmentation point and preparative
action decreases. In such a case, the user would not understand the contexts which
may occur. The number of landmarks also decreases even though the user can watch
each landmark clearly. On the other hand, if the view angle becomes wide, the target
object becomes harder to drop out from the sight of the first-person video, and the
time length of the video may become longer. The number of landmarks may increase.
However, the size of landmarks and environmental appearances will become smaller
and less understandable because the first-person video has only a specific resolution. I
assume that the effectiveness of wider view angle is limited by a ceiling,.

The conditions on the first-person video are inevitably constrained as below :

Limitation of view size : The maximum view size of the video recorded in the
system is defined by the lens employed in the head-mounted camera. Required
contexts to reinforce the user’s action /location recollection tend to drop out from

the limited view size area.

Limitation of time length : The setting of the view size also affects the time length
of the first-person video shown to the user. The definition of time length is based
on an index of the target object associated with the video. Simply, the end point
of the time length is defined as the last frame in which the target object was
observed, and the start point is defined as the frame traced back some seconds
from the end point. If the view size is too small, the end point will be moved
forward. The action segmentation point, mentioned in Figure , can run out of

the limited time length.

The first-person video with constrained view size and time length can cause the

user following problems :
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Misunderstanding of the action : The system can show the user a first-person
video of a “wrong-event” recorded when the user keeps handling the target object
outside of the sight of the first-person video. Because of the limited view size,
the system cannot differentiate between the correct-event and the wrong-event.
If the user watches the video of a wrong-event, and if he/she misunderstands the
action illustrated in the video as an action of placing, the user tends to replace
the event, which is associated with the wrong-event, by a pseudo correct-event

which has the pseudo action of placing.

Recognizing confusing action : If the user watches a first-person video which
illustrates an event with a confusing action, then the user can pick up the event
from long-term memory by using any contexts of the video except the action.
However, the user can hardly be sure whether the event is actually a correct-
event or not. Even though the event is left on the working memory as a candidate
event, the event makes no sense for object-finding support. What is worse, action

recognition with less clarity can burden the cognitive capability of the user.

Recognizing confusing location : When the user watches a first-person video
illustrating a confusing location, the user can recognize the location as being
related to a number of events accumulated in the long-term memory. The number
of candidate locations for the user’s object-finding task can increase if those events

are transferred into the working memory as candidate events.

To avoid those problems, the best-suited conditions of the view size should be

investigated.

3.3.2 Experimental Evaluation

To analyze suitable video view size for object-finding support, I performed experi-
ments to investigate recognitions of subjects watching virtual first-person videos. The
virtual first-person videos were preliminarily segmented with same methods as I'm
Here! employs. I have discussed the way how to construct the first-person video suited

to support a user’s object-finding task with analyzing experimental results.
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135°

Figure 3.7. A camera device to record source videos.

Conditions

There were 15 subjects participating in these experiments. All of subjects were male
students of graduate school studying in a laboratory. In an experimental trial, each
subject watched a video displayed on a LCD to answer questionnaire about the context
of the video.

All experimental videos, which are videos prepared to be shown to each subject,
displayed scenes from an experimenter’s viewpoint recorded by a head-mounted CCD
camera worn by him (Figure 3.7). The camera was mounted on the front of his head
with looking 60 degree of depression.

View size conditions of videos were virtually simulated with trimmed source videos
(Figure 3.9). To establish wide range of view size conditions, 3 source videos were
recorded with 3 types of lenses alternately attached to the camera. The source videos
were trimmed in total 10 view size stages to simulate vies size conditions.

Each source video was recorded when the experimenter played a positive/negative
action placing a target object on a place. The target object was only a book. There
were 10 target places and all of them were parts of the laboratory in which subjects have

spent usually (Figure 3.8). The positive action means that the experimenter actually
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Figure 3.8. Laboratory environment and target locations.
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Figure 3.9. First-person video trimmed in view size stages.

Table 3.4. Action recognition patterns.

Actual action placing a target object

Positive Negative
Positive TRUE-POSITIVE FALSE-POSITIVE
Answer by each subject | Negative | FALSE-NEGATIVE TRUE-NEGATIVE

No idea | No idea (positive case) | No idea (negative case)

placed the target object on a target place. In contrast, 0 the negative action means
that he did not placed the target object on there but really kept holding it to bring to
the other place. Positive actions were held in 5 places, half of all places, and negative
actions were held in the other half. The experimenter played these behaviours naturally
during recording videos.

Experimental videos can be classified into several kinds of groups with different
rules. Videos displaying a common place with all levels of view size were classified into
any of 10 place groups. Each of 10 view size groups consists of 10 videos of a common
view size level with different 10 places. In case of focusing a lens used at recording,
each lens group could be made up of videos extracted from a common source video
recorded by the lens.

To make experimental videos simulating results of vision-based object recognition

function employed in I'm Here!, following segmentation rules were applied to trimmed

33



zesmnnnssnnns (2) sesmrrssssnning mm m (D) mm () == g

MEE .
12— s .

b BERARE
by mmzmed B TLome
: C @hn .

r trin ot
(©) JEEn (7 b F2 L)
DB (No idea)

(20 RIS T mA f AR PR MR b CF Bl
i, hmsmniE, Hmba Iz

Fry L TRRL, _ ROREE |

= JICBIS T, ERETTRTIE .

(M BFRDEFDIL— L)

éﬁﬁiéltﬁiéiﬁlz\ A EIZRTE
L s

BB ABEERET DI, BELTH

FETHENTEES.

C— BB R

(RBCEADEE DI -
CEFEBO SQNICFEATHG OIS
AT S

R L I R N
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34



source videos :

1. The end-point was determined when any of following requirements was satisfied

(a) The case that occluded area of the target object became to be over 30% of
the O entire object region. The occlusion was caused by the hand region

holding the object or the frame of the trimmed video.

(b) The case that visible areas of the target object became to be under 2% of

the entire view area.

2. The start-point of experimental videos was determined with applying a following

rule separately to each lens group :

(a) The video trimmed to the smallest view size in each group was considered
as a standard in the group. A common start-point of all videos in the group
was determined to make the time length to the end-point of the standard

video, preliminarily determined, should be 5 second.

Each experimental video was displayed on a browser with voting interface. The vot-
ing interface illustrated in Figure 3.10 consists of video display area (Figure 3.10(a)),
questionnaire display area (Figure 3.10(b)), action voting forms (Figure 3.10(c)), place
voting map (Figure 3.10(d)) and a questionnaire feeding button (Figure 3.10(e)). The
interface enabled each subject both to replay a experimental video and to answer ques-
tionnaire.

The questionnaire was denoted as below :

1. How do you think that the target object was really placed there? Vote with

following options :

(a) It was really placed on there.
(b) It was not placed on there.

(c) I have no idea.

2. Where do you think that the target object was placed? Mark there on the map

if you can think any proposed place, or you should mark on “no idea.”
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To answer the first question, each subject should decide whether the experimenter
really placed or did not place the target object on any place displayed in the experi-
mental video. If it was difficult for the subject, he could answer that he had no idea. A
cognitive estimation at viewing a positive/negative action of placing the target object
should be found through the question. Action recognition patterns of each subject are
listed in Table 3.4.

The second question mentions cognitive estimations of each subject at viewing a
place displayed in a first-person video. The map displays arrangements of fixed furniture
in the laboratory environment, such as walls, columns, doors, bookshelves, desk and
copiers. The subject allowed answering a number of proposed places up to 30. He also
allowed answering “no idea” if the subject could not focused the proposed places.

When the subject marked those voting forms, he/she went to the next questionnaire.
An experimental trial consists of a number of questionnaires displaying experimental
videos belonging in a lens group. Questionnaires in a trial were ordered by view size
level of experimental videos into ascending sequence. A subject totally tried 3 trials
with more than a day of interval between them. Each of first and second trials consists
of 30 questionnaires, and the third trial consists of 40 questionnaires. Through all
experiments for a subject, trials were ordered by viewing angles of lenses into ascending
sequence so that all experimental videos were ordered into ascending sequence of view

size.

Results

From questionnaires written by subjects, results of action recognition and location
recognition were counted on view size basis. Answers to videos, which sources were
taken in location 3 and 8, are not included for counted results because of some significant
gap of contexts between sources with different lenses. Questionnaires about 80 videos
consisting of 10 view size conditions, generated from 4 sources of positive case and 4 of
negative case, were totally counted.

Figure 3.11 illustrates subject number ratio of action recognition separated into
TRUE-POSITIVE (Figure 3.11 (a))0 FALSE-NEGATIVE (Figure 3.11 (b)), FALSE-
POSITIVE (Figure 3.11 (c)) and TRUE-NEGATIVE (Figure 3.11 (d)). TRUE/FALSE
means that a subject recognized action of placing a target object in each video cor-

rectly/incorrectly. POSITIVE/NEGATIVE means contents of the subject’s answer
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Figure 3.11. Result of action recognition

whether the action was actually occurred / not occurred. I found that the ratio of
correct answer increases, and that of incorrect answer decreases with increasing view
size condition.

Two evaluations of location recognition, tendency of narrowing off the number of
candidate locations and accuracy of location recognition, were analyzed. The number
of candidate locations includes all number of voted locations without the case that
subjects answer that they have no idea.

From Figure 3.12, the number of candidate locations was well narrowed down by
setting view size condition to 115. Figure 3.13 (a) illustrates that the true results of lo-
cation recognition were saturated from 125 of view size condition. On the same setting,

false graph (Figure 3.13 (b)) and no idea graph (Figure 3.13 (c)) were asymptotically

stable at each rock-bottom value.

3.3.3 Discussion

With experimental results of location recognition, I define required view size con-
ditions as 115 to support a user ' s object-finding task. Figure 3.13 (b) illustrates,
however, that some subjects answered wrong locations on the view size condition.

It is an important approach to extend the time length of a video for preventing
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such misunderstandings of location recognition. If the time length of a video will be
extended to back and forth, a user watching the video will be able to recognize other
locations nearby where the target object was placed. He/she then can choose a plan to
search for the object with walking through those locations.

On the other hand, the sufficient view size condition should be set to 125, because
the TRUE-POSITIVE graph of action recognition was saturated in the setting. There
were, however, some videos with sufficient view size that subjects could not recognize
action placing the target object correctly. The action recognition failure of false positive
pattern decreases reliability of I'm Here!, and that of false negative pattern decreases
effectiveness of I'm Herel.

I found that subjects estimated the action placing the target object with its prepara-
tive action, even if they could not recognize the action segmentation point. The gradual
expansion of the TRUE-POSITIVE graph (Figure 3.11 (a)) supports the presence of
the estimation.

The action estimation, at the same time, causes the action recognition failure of
FALSE-POSITIVE pattern. I named the negative effect of action estimation as “pseudo
action segmentation.” Actually, some subjects mistakenly recognized the video of nega-
tive action displaying confusing movement of hand with the target object as a positive
action. To constrain the pseudo action segmentation, I'm Here! should display any
additional first-person video displaying other kind of action, such as “going to stand
up” or “starting walking” before placing the target object. The user will be able to

estimate the action “not placing the target object” by those contexts.
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Chapter 4

I'm Here! Implementation

This chapter explains about an implementation and evaluation of camera devices
and an object recognition method which are designed to be used in I'm Here!

I'm Here! is a wearable system for indexing / retrieving Experience Database. The
Experience Database is a database of a first-person video indexed by names of objects
registered in Object Database. The accuracy in indexing the Experience Database is
important for effectiveness of I'm Here!l.

Above all functions in I’'m Here! implementation, the function to construct Expe-
rience Database has to be preferentially discussed. The function consists of an object
image extraction module and an vision-based object identification module. 1 developed
a wearable camera ObjectCam to achieve real-time object extraction. In this chapter
I discuss a wearable camera ObjectCam and ObjectCam2 to be utilized in everyday
environment. | also explain the vision-based object identification module for indexing

the Experience Database.

4.1 Overview of I'm Here! Implementation

I'm Here! is composed of a PC, a Head-Mounted Display (HMD), a wearable
camera ObjectCam, and an JogDial interface. Figure 4.1 is hardware construction of
I'm Here!l. The ObjectCam captures a first-person video. The HMD shows the user

system information and the retrieved video. The JogDial interface is used to select an

item displayed in the HMD.
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Figure 4.1. Device construction of I'm Here!

4.2 Object Extraction and Recognition

4.2.1 ObjectCam

The image of a user’s viewpoint includes the object region, the region of the hand
holding the object, and the background region. To construct an appearance-based
image-feature of the object, the region of the object must be extracted from the image
by eliminating both the hand region and the background region.

Many studies of extracting a target region by eliminating a background region
exist. The background subtraction method has been used in many real-time vision
systems with fairly good results (Wren et al. (1997)). However, this method requires
a static background image that can rarely be obtained by a wearable camera. On
the other hand, top-down knowledge from object recognition that can be used for
segmenting the target region from exterior regions has also been discussed (Leibe et
al. (2003)). This method is suitable for images with cluttered backgrounds and partial
occlusions. However, applying this method to real-time applications is difficult because

the temporal loads from preliminary learning of knowledge and iterative processing are
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required in this method.

I have developed a new camera device named ”ObjectCam” to extract only the
object image from the user’s viewpoint image. This camera device enables low-cost
object image extraction regardless of background complications.

Figure 4.2 illustrates the architecture of the ” ObjectCam.” The camera device con-
sists of a color camera and an infrared camera clamped at the same posture across a
beam splitter. A frame of the image captured by the ObjectCam consists of a color and
an infra-red (IR) image for each field. An IR image displays the reflected IR luminance
caused by the IR radiator on the front of the device.

Figure 4.3 illustrates a blockgram of the object extraction process. First, a nearby
region mask is made from an IR image with a luminance threshold in a binarizing
process (figure 4.3(a)). Second, by applying the mask to remove the background region
from the color image (figure 4.3(b)), the system creates a nearby region image. Third,
the object region mask is created by removing the region of the hand holding the
object using the user’s skin color (Bergener, T. et al. (1997)) (figure 4.3(c)). Finally,
by applying the object region mask to each color and each IR image of the user’s

viewpoint, the system creates each image of the object (figure 4.3(d)).
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Figure 4.3. Object extraction by ObjectCam

4.2.2 Construction of Object Database

Both object registration and recognition processes are necessary for retrieving the
last recorded video containing the target object from the video memory database.
Many object recognition methods have been proposed. The appearance matching of
three-dimensional objects using parametric eigenspace features, for instance, has been
estimated with good results (Schiele et al. 1996). However, a large load is necessary
to compress large amounts of input images into the eigenspace features, and a strict
facility to register the eigenspace features is required. On the other hand, probabilistic
object recognition using the feature of multidimensional histograms has been applied
to estimate the probabilistic presence of the registered objects in the scene (Nayar et al.
(1996)). Because the experimental result mentions only the scale change and image-
plane rotation of the input image, the variety of appearances of the three-dimensional
object still remains a considerable problem.

Several problems regarding the recognition of the object held by a user in everyday
circumstances still need to be considered; for example, 1) real-time registration and
recognition of the object, 2) the ability to recognize a three-dimensional object in several

appearances, and 3) the problem of achieving good performance of object recognition
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in the case of increasing the amount of registered objects. The study proposing an
appearance matching of three-dimensional objects using parametric eigenspace features
has the disadvantage of 1), and the other study of probabilistic object recognition
using the feature of multidimensional histograms does not clearly address 2). In the
development of ”I'm Here!, a multi-dimensional histogram feature extracted from
object images captured by ObjectCam, which includes color and IR luminance data is
proposed to solve problems 1) and 2), and the proposed feature is estimated from the
perspective of 3) in the section, "Experiments and Result.”

The object dictionary contains the appearance-based image-features of the regis-
tered objects with their IDs. An object-feature of a three-dimensional object is con-
structed from several images in representative appearances. To construct the object-
feature, the system captures several images of the object, makes image-features rep-
resenting each image, and integrates these image-features into an object-feature by
grouping and integrating similar image-features.

An object image-feature is denoted by a {H-Z-C} three-dimensional histogram.
This histogram consists of { H-7-C} elements extracted from each pixel of the object
image. Hand Zrepresent Hue and IR luminance value. C represents the pixel group ID
divided by distance from the centroid of the silhouette of the object image. In addition
to the hue values as a color feature, the { H-Z-C%} histogram includes IR luminance as
a depth-like feature and as a silhouette-like feature. Due to each feature’s robustness
for the rotation of the view axis and the low-cost processing of this histogram feature,
the { H-Z—C%} histogram is expected to be a good image-feature in object recognition.

The hue value is based on HSV color representation converted from the RGB values

of a pixel. The system extracts hue value H using the expressions below :

V = max(R,G, B) (4.1)

W = min(R,G,B) (4.2)

5 = (Vo) o
5(5:5) , R=V

wo= Lol B2 ooy »
6(4%—5;_(2;) , B=V

S represents the saturation value, and Vand W represent the maximal and minimal

value among the {R, G, B} values of the pixel. These values are limited as 0 <
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R,G,B,S, VW < aand 0 < H < j.

0000 The hue value with low saturation is sensitive to sensor noise, however.
According to the sensor noise, the and color features oscillate on their own order.
Furthermore, the hue value becomes uncertain as the saturation value decreases. This
creates a problem.

To avoid the influence of the sensor noise I apply the probabilistic sensor noise model
to the hue value. The distribution of sensor noise is assumed to the Gaussian distribu-
tion, as denoted below when the average of the distribution is u and the dispersion is

0'23

1 (z—u)?

202 . 45
\/271'06 ( )

Using equation 4.4, the dispersion of H is represented as below :

K(z)=

URGB(G,B) s R=V
oH =1 orgB(B,R) , G=V (4.6)
URGB(R,G) s B=V

The element crap in equation 4.6 is represented as a follow :

_ 2v2 2 52 2 Szvz 2 2
URGB(W):O(W v)2(V203 + S%0%) + 52V3(02 + o3). )

yiga

The dispersion of the {5, V, W} value represented as {og,0v,0ow} can be directly
derived from the statistical observation of the {R, G, B} distribution.

Using equation 4.5, 4.6, and 4.7, the uncertainty of the hue value with low saturation
can be represented; in the case of zero saturation, the probabilistic hue distribution
becomes flat.

An image-feature of an object is the integrated distribution of all the pixels of
the image represented as the { H-Z-C%} histogram feature. Figure 4.4 represents the
construction of the { H-Z-C%} histogram feature from an object image when th pixel of
an object image has the hue value of H;, the IR luminance value of Z;, the group 1D of
C;, and the distance from the centroid of the silhouette of the object image of L;. The

value of C; is denoted as below :

. L; no
CZ_[L- . (4.8)

L represents a standard distance. n equals the entire amount of all pixels of the

object image and ng represents the normalized amount of pixels. As depicted in Figure
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4.4, the distribution has a hue axis, an IR luminance axis, and an axis of the pixel
group number. The values of Z and (' are limited as 0 < Z < Zax and 0 < C < Chax-
The distribution value in {H = j, Z = k,C = [} is represented as follows :

n

D(j, kD) =" fuli,§) - Za - Ca, (4.9)
=1
1\, k=27
i = ; (4.10)
0, k27
1, 1=C;
Cy = , (4.11)
0, 1+C;

fr (i, 7) represents a probabilistic contribution of ith pixel for the jth bin of the hue

value represented as a follow :
fi(ig) = l/hf KE (2)de, Gl = 1,2, 21, (4.12)
Jh(j-1) h

h is the breadth of the bin of the hue (Kawamura, T. et al. (2003)).

From several appearances of an object, the system constructs an object-feature as
a set of selected representative image-features (Figure 4.5). The selection of represen-
tative image-features is based on a grouping of similar image-features of an object.

The system captures several images of the object and calculates the { H-Z-C} fea-
tures of each image. I can reduce the amount of the elements of an object-feature
by grouping similar { H-Z-C’} features into a representative image-feature to avoid a
redundant comparison in identifying the object.

The similarity of image-features D; and D; is based on the Sum of Absolute Dif-
ference (SAD) of three-dimensional histograms, as denoted by SAD*(D;, D;) in the
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equations below :

Zh,z,c |D’(h’z’ C) - DJ(h7 (Z + Zm(l) - Zm(]))7c)|7 0 S (Z + Zm(l) - Zm(])) S Zmax »

SAD*(D;, D) =
( ]) { Zh,z,c'Di(h7Zvc)|v other.

(4.13)
Zmax Tepresents the maximal value of the IR luminance values. When D, (h, z,¢) is

reintegrated into DZ(z) on the basis of IR luminance, z,,(z) represents the centroid of

DZ(2). z,,(z) and DZ(z) are denoted as follows :

1

N pZ
LY D2,
Z Dy(h,z,c)
h,c

Zm () (4.14)

DZ(2) (4.15)

The SAD™ is derived by aligning distributions with their centroid on the basis of IR
luminance values, because the reflected IR luminance value is experimentally observed
in linear relation to the distance from the object’s surface.

The following equations define the clustered structure of the images of the object :

AY = {A[]1 <i <N}
AUv = {Qi1 i< M, (4.16)
AVu+y = AU - Q;.

AY represents the jth set of images of the object. AYs includes all images of the
object. A;; represents the ith image included in AU, N; represents the amount of

images included in AY | and is bounded in 1 < N; < Nj. Q; represents the ¢th cluster
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of similar images included in AYs. When R; is the selected representative image of

AYi, R; is denoted as follows :

R = Ay;. (4.17)

When the image-feature of Ay; is Dy; and the image-feature of a representative

image R; is Dy;, the following equations define the contents of Q; with equation 4.13 :

Ar; € Qj, SAD™(Dyy, Dyj) < thy,

(4.18)
Ag; ¢ Q;, other.

thy represents the threshold for Q; to content images similar to R;. th, should
be defined by an empirical method so that images of an object with slightly shifted
appearances can be classified in a same image group. The set of selected representative

images R, is defined as a follow :
R ={Ri|]1 <i< Ng}. (4.19)

Np represents the amount of selected representative images of the object bounded
in1 < Np < Ny.

In the object observation phase the system tries to recognize an observed object
along with any of the registered objects. In the recognition process, the observed

object-feature is compared with all registered object-features in terms of similarity

(Figure 4.6).
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(b) 20 objects

Figure 4.7. The sets of target objects

I defined the similarity between observed object o and a registered object r using

equation 4.13 as below :
e, = min{SAD*(D,, D,)|p=1,2,..., N, }. (4.20)

D, represents the image-feature of the observed object o, and D, represents the
pth image-feature of the registered object r. N, represents the amount of selected
representative images of object r.

The result of object recognition is represented as below :

r, min{e.|lr=1,2,... M} < thy,
sz{ {e )

(4.21)
0, other.

M represents the amount of registered objects, and th, the threshold of minimal
similarity. The result 0 shows that there are no registered objects matched with the
observed object. ths should be defined by an empirical method so that the result of
object recognition with any unregistered object can be 0.

Through the object observation phase, the system creates the video memory, which
is the video data with the index of observed objects. The index is associated with every
frame of the video memory. If a frame of captured video contains a registered object,

the index explicitly annotates to the frame with the ID of the object.

4.2.3 Experimental Evaluations of Object Identification

Since the object recognition performance affects the accuracy of retrieved video,
I have estimated the object recognition performance of the proposed method by a
few experiments. These experiments were performed in an indoor environment with
fluorescent light. The system is estimated in offline usage, by setting ObjectCam on

its base and by setting a target object on a turntable.
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Table 4.1. Experimental results

Object feature value H  H-C H-Z H-Z-C
(a) 10 objects 99.2 99.2 91.7  96.7
(b) 20 objects 81.7 88.8 87.5 94.1

The sets of target objects are depicted in Figure 4.7. Set (a) consists of ten objects,
and set (b) consists of twenty objects including objects in (a) and an additional ten
objects. Each object is rigid, the appropriate size to hold, and used in everyday life.

The target objects have been utilized in the everyday environment for students.
They are selected with rules below :

In offline object registration, the system captures twenty images for each object
as input images for object registration. Each of the twenty images is in a different
configuration of distance and perspective. The system creates an object dictionary
with selected representative image-features and an ID of each object.

Instead of the object observation phase, the system calculates an object recognition
rate with every registered image to be observed, i.e., the object dictionary consists of
all the registered object-features in these experiments. The system rejects matching
between different objects and allows matching between any configuration patterns in
the same object.

To demonstrate the advantage of the proposed method, 1 have compared the { H-
Z-C} method with other methods using {H}, {H-7}, and {H-C} features in these
experiments. The parameters are set as follows: o = 256, 8 = 360, Znax = 255, Cpax =

10, L = 10,29 = 1000 and h = 4. Table 4.1 displays the result of the experiments.

4.2.4 Discussion

[ found that in the proposed method, the recognition rate decreases less than in other
methods even when the amount of objects in the target set increases. In everyday use
of 7I'm Herel”, the amount of registered objects increases. The experimental result
demonstrates that the proposed method is useful for online object recognition in ” I'm

Herel
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4.3 Environmental Adaptation

Above all devices constructing I'm Here, ObjectCam should be minitualized in
preference. Size and weight of head-worn devices, a head-mounted camera and head-
mounted display, mostly affect barycentric position of entire wearable system. The
minitualization of ObjectCam efficiently improves the comfort of I'm Here! system for
the user.

object-finding tasks can happen at various locations in everyday environment. There
are many locations with sunlight illumination including IR light. The ObjectCam can
be used only in the environment without IR illumination, such as indoor environment
with fluorescent illumination after sunset. In the location with environmental IR, illu-
mination, the ObjectCam extracts not only nearby object image but also background
object.

I challenged to solve both minitualization problem and the environmentally-dependent

problem with developing ObjectCam2, an improved version of ObjectCam.

4.3.1 ObjectCam?2

This section shows the features of ObjectCam?2 customized for identifying a trigger

object under everyday conditions. The ObjectCam?2 has the following features :
e small and lightweight
e dividing a nearby object image from its background by 30Hz
e employing color and active IR images
e controlling blinking IR LEDs

e controlling the exposure time to respond to the problem of dropping out the

highlighted surface of the nearby object

I certify the specifications of the ObjectCam2 and describe a vision-based method
for extracting the object image robustly under the everyday illumination conditions

affected by sunlight.
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Table 4.2. Specification of ObjectCam2 and ObjectCam

ObjectCam?2 ObjectCam
Weight of camera head (g) 390 670
Size of camera head (mm) 95 x 70 x 90 80 x 170 x 120
(width X height X depth)
Photo acceptance unit 1 CMOS (color and IR) 2 CCD (1 color and 1 IR)
Exposure time control Yes No
Output image color and IR color and IR
(full view) or (nearby object image) (full view)
Shutter frequency (Hz) 30 30
Number of IR LEDs 32 98
Blinking control Yes No

Figure 4.8. A wearable camera ObjectCam2

Table 4.2 indicates the specifications of the ObjectCam2. The table also indicates
the specifications of ObjectCam. Each camera is a kind of active IR camera with an IR
LED array in its front. Each camera is used as a head-mounted camera mounted on the
front of a helmet. Figure 4.8 indicates a scene using the ObjectCam?2. The ObjectCam2
is more miniaturized and made to be more lightweight than the ObjectCam so as to be
employed as a wearable camera device. As opposed to ObjectCam’s continuous lighting
of the IR LED array, ObjectCam2 controls blinking in the IR LED array to capture a
color image with reflected active IR light and to capture a color image without the lights.

The CMOS unit of the ObjectCam?2 has no IR eliminating filter so that ObjectCam?2 can
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capture an image that has luminance within the color and the IR light range. Using the
images, ObjectCam?2 can divide a nearby object image from its background by 30Hz.

ObjectCam?2 is suited to be utilized as a wearable camera. ObjectCam2 has been
minitualized to be smaller and lighter than ObjectCam. The minitualization has de-
creased the number of LEDs arrayed on the front of ObjectCam?2 into 32 from that of
ObjectCam, 96. I have offseted the paucity of LED in ObjectCam2 with employing
brighter LED than that employed in ObjectCam.

The ObjectCam?2realizes the two functions shown below to identify a trigger object.
1) The function for employing multiple features of the object including color and active
IR images (Mihara et al. (2002)). 2) The function of blinking IR LEDs for extracting
a region of the nearby target image, including the image of the trigger object itself
(Lee et al. (2002)). By integrating these two functions, ObjectCam?2 has an advantage
among the other active IR cameras in extracting and recognizing trigger objects in the

everyday environments of its user.

IRcolor I NIRcolor

I

DI NearbyMask

i Masking | | Masking | ¥ /
! I

/ﬂ] earbyl, 6/ NearbyColor, NearbyIR NearbyColor

Figure 4.9. Process diagram for extracting a nearby target object

Figure 4.9 indicates a diagram of the integrated process for extracting the nearby
target image. The IRcolor is a color image with a reflected active IR light and the
NIRcolor is a color image without the light. The ObjectCam2 captures the I Rcolor
and the NIRcolor by turns. In the equation below, ObjectCam?2 subtracts the IR

luminance caused by environment IR, illumination in both I Rcolor and NIRcolor :

DI = YIRcolor - YNIRcolor- (422)
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DI is an active IR image indicating the IR luminance only illuminated by ac-
tive IR light. Yireotor and Ynireolor denote images only indicating luminance(Y) in
YUV color feature of IRcolor and NIRcolor. A mask image NearbyMask is sim-
ply created by binarizing DI. The ObjectCam? finally creates an active IR image
Nearbyl R and a color image NearbyColor from DI and NIRcolor by simply mask-
ing with NearbyMask. Extracted region of nearby target images are illustrated in
Nearbyl R and NearbyColor.

I have solved the problem of the highlighted area dropping out from nearby object
image extracted by the ObjectCam?2. The problem is caused by luminance saturation
in IRcolor. When the exposure time of I Rcolor and NIRcolor are the same without
being controlled, the luminance of I Rcolor is larger than that of NIRcolor due to the
active IR illumination. The luminance of the highlighted part of an object, such as the
white-colored surface, tends to be saturated in I Recolor. The luminance of the part in
DI is calculated to a smaller value than the proper value.

To avoid the saturation of I Reolor, the ObjectCam?2 controls exposure time at the
time of capturing IRecolor. When 6;p.00r and dyrreon, indicate the exposure time of

IRcolor and NIRcolor, equation (4.22) should be fixed as below :

)
DI = MYIRCOZOT’ - YNIRcolor- (423)

51 Rcolor

The illumination condition of Yipcoior and YnNTRcolor has been coordinated with a
common environment illumination condition to calculate proper DI.

Figure 4.10 illustrates the result of controlling the exposure time. Without control-
ling the exposure time, only the luminance of the white-colored right-hand surface of
the cube is calculated as smaller in DI, and the surface has been lost in NearbyColor.
The ObjectCam?2 controls d;p.00r to a half of §y7rc00r, and avoids dropping the part
from the nearby object image with proper DI created from unsaturated I Recolor and

NIRcolor.

4.3.2 Experimental Evaluations of Object Image Extrac-
tion

I have evaluated the extraction accuracy of a nearby object image by ObjectCam?2

in experiments showing that ObjectCam?2is suited for use in an everyday environment.
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NIRcolor

NearbyColor

extracted onto
green mat

Figure 4.10. Result of controlling exposure time

The extraction accuracy of a nearby object image is indicated in the NearbyMask. By
comparing the quality of the NearbyMask created by ObjectCam?2 with that of the
NearbyMask created by ObjectCam, 1 have demonstrated the functional effects of the
ObjectCam.

Experiments
Experiments were carried out at following four locations :
(a) Lobby with window facing to north
(b) The lobby facing to east (indoor background)
(c) The lobby facing to west (outdoor background)
(d) Laboratory at night without sunlight illumination
In each case of (a) (b) and (c¢), three experiments are held in following time :
6:30-7:30
11:30-12:30

14:30-15:30
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Figure 4.11. Target objects in experiments

I used 33 objects (illustrated in figure 4.11), consisting of 20 utility objects (1 —
21) and 12 standard objects(22 — 33). Standard objects consist of spheres(22 — 25),
corns(26 — 29) and cubes(30 — 33). Utility objects were arbitrary samples with follwing
policies. 1) A set of utility objects was made to include wide variety of features (surface
material, color pattern, and shape) so as to avoid a specific result. 2) Maximal diagonal
length was constrained from 5 cm to 25 cm so as to be captured fully in the frame of
cameras and not to be captured in too small a size. Standard objects in each shape
group are colored in three gradient steps (30%, 60%, and 100%) of black.

Each object was set on an object table at a distance of 35cm from the installation
location of each camera. ObjectCam?2 and ObjectCam captured the object to create a
NearbyMask of the object image. The NearbyMask of ObjectCam?2, covering only a

region of the nearby object image, was used in the masking phase in figure 4.9. The
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NearbyMask of ObjectCam was created by simply binarizing the IR image ObjectCam
itself captures. Each threshold for binarizing was adjusted to an appropriate value in
each environment based on heuristics.

To evaluate the quality of the NearbyMask in comparing ObjectCam?2 and Object-
Cam, 1 have calculated a noise ratio and the missing ratio of each NearbyMask. The
area of noise .5, and that of the missing S, indicate the quality of the NearbyMask.
These values are calculated using a C'orrect Mask, which is a template for evaluating
the NearbyMask. 1 manually create the C'orrect M ask for each NearbyM ask from the
source image of the object. .5, is defined as a partial area value of the NearbyMask
covered by the background area of the C'orrectMask. S, is defined as the partial area
value of the Correct Mask excluding the area covered by the NearbyMask. When S.
is a common area value between Correct Mask and NearbyMask, the noise ratio P,

and the missing ratio P, of the NearbyMask are denoted as below :

Sn
P, = - 4.24
S (4.24)
S
P, = —2 . 4.25
Se + Sm (4.25)

The value of P, in case of S, = 0 is defined as “No value” that indicates there is

no extracted area in the correct region of the nearby object.

Results

Figure 4.13 denote comparisons of noise ratio between ObjectCam and Object-
Cam? in experimental environments (a) — (d). Each marker on Figure 4.13 denotes
experimental result of each object in a certain experimental condition. The horizontal
axis denotes the noise ratio of ObjectCam, and the vertical axis denotes the noise ratio
of ObjectCam2. Both axes in Figure 4.13 (a) (c) are logarithmic axes. Additional
lines (1) displays locations that the noise ratio by ObjectCam?2 is one-tenth of that
by ObjectCam. (L2) denotes locations the the noise ratio by ObjectCam2 is ten times
bigger than that by ObjectCam.

From experimental results, 1 found that ObjectCam?2 has created more accurate
NearbyMask than that created by ObjectCam in experimental environment (a) and
(c). On the other hand, Both cameras have achieved under 10% of noise ratio in

experimental environment (b) and (d), as denoted in Figure 4.13 (b) and (d).
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Following results are not included in Figure 4.13 :
[No value] Object(9) in environment(c) at time(14:00 — 15:00)

In all experimental environment, each NearbyMask of utility object(16) extracted
by ObjectCam?2 has noise ratio lower than 10%, as black markers plotted on Figure
4.13. Figure 4.12 denotes images of object(16) extracted by ObjectCam and Object-
Cam?2. In the result of using ObjectCam, not only nearby regions but background
regions illuminated by sunlight have been also extracted. In contrast, the result of

using ObjectCam?2 has only nearby regions without subtracted background regions.

4.3.3 Discussions

The noise ratio of the NearbyMask must be decreased to achieve a robust iden-
tification of a trigger object using ObjectCam?2. From equation (4.24), the noise ratio
should be decreased by increasing S.. Increasing S. means decreasing the missing area
at the same time.

I found a problem such that the dark colored surfaces of object images were dropped
out in the outdoor environment. The problem has been indicated in experimental
results of gradient black colored standard objects and cyan colored standard objects.
Results in utility object (18) are also caused by similar problem. One of the ways to
respond to the problem is to enhance the luminance of active IR LEDs to capture a
reflected active IR image even if the surface reflects only a little IR light. To avoid
extracting a background region illuminated by strong active IR light, the luminance of
each pixel in the object image has to be corrected dynamically into a proper value by
considering the color-specific reflectivity of IR light based on the color information of
NIRcolor.

I found another problem with object (9) that only retains a half-transparent white
surface. The object image of object (9) dropped out almost completely in the outdoor
experiment of ObjectCam?2. Strong sunlight was transmitted from the background of
object (9), which caused a partial saturation condition of NIRcolor in the region of
the object. If NIRcolor has been saturated partially, the luminance of the saturated
area in DI will tend to be turned down. This “partial saturation condition” problem is
common to the partial reflection of environmental light on a part of the object surface,

and is also common to the sky region captured in an object image. To solve the partial
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saturation problem completely, not only 0;z.p0r, but also dx;re.r in equation (4.23),
has to be constrained so that NIRcolor does not have a saturated area.

A dilemma arose, however, in solving the darkcolored object extraction problem
and the partial saturation problem simultaneously. The dark colored object extraction
problem needs bright NI Rcolor to utilize the color information of NIRcolor. On
the other hand, the constraint of dy;reaor shows that NIRcolor contains less color
features than under the normal condition. To improve the robustness of ObjectCam?2
in extracting a nearby object image under sunlight illumination, the dilemma must be

solved.
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Chapter 5

Concluding Remarks

This chapter mentions total conclusions of this thesis from results illustrated in
above chapters. Experimental results have shown that the system design of I'm Here! is
effective and implement-able to support a user’s object-finding task in his/her everyday
environment. Future works are proposed to make I'm Here! more effective to support

everyday object-finding task.

5.1 Contributions

I proposed a system design of I'm Here! that contributes to develop a wearable
Augmented Memory system to support a user’s remembrance of an event where he/she
last placed a target object in his/her everyday life. I'm Here! is designed to have
less difficulty in registration operation of target objects and retrieval operation of a
first-person video for the remembrance of the event. The user of I’'m Here! is no cause
for being conscious of the system behaviour constructing an Experience Database that
accumulates first-person videos for the remembrance of the event.

Following achievements contribute to develop a wearable Augmented Memory sys-

tem that can make the user’s object-finding task efficient in his/her everyday life :

1. I evaluated requirement for a function of the system to recognize a target object.
The accuracy of the object recognition affects the performance of an Experi-
ence Database constructed by the system. Experimental results revealed the
functional availability of the method to support a user’s object-finding task if

the system accurately recognizes an object held by him/her. The results also

61



indicated that I'm Here! requires 67% of the accuracy of object recognition.

2. I investigated an appropriate view size of a first-person video so that a user can
recognize contexts of the first-person video. The contexts are needed to recall an
event that he/she last placed the target object. Experimental results indicated
that the appropriate range of view size is from 115 to 125. The number of view
size represents the horizontal view angle of the lens recommended for recording

of the first-person video.

3. I have developed an ObjectCam?2 camera device, which is worn by a user, to ex-
tract a nearby object image from its background image. An object-triggered
memory augmentation system can simplify its system construction by using
ObjectCam?2 for both video capturing and object identifying. Integrating the
color/IR image-capturing function and the blinking function of IR LEDs, the
ObjectCam?2 performs well in extracting an object image held by a user in his/her
everyday environment. The saturation problem in extracting the object image
with a highlighted surface has been cleared by the exposure time controlling

function of ObjectCaml.

5.2 Future works

This thesis only describes methods to support a user searching for a target objet
placed by him /her. If the target object has been shared by a number of persons, each
person tends to meet with “a multi-person object-finding task” that is a task to find a
target object last moved and placed by another person. It is a future work to develop
Multi-user I'm Here! supporting the multi-person object-finding task. Multi-user I'm
Here! should have function to manage a number of Experience Databases each of them
records experiences of each user.

Following problems have to be solved to design Multi-user I'm Here! :

Registration of target objects : Information of target objects should be shared
between a number of Multi-user I'm Here! so that every Experience Databases
will be constructed with common names of the target objects. It is necessary to
discuss a rule of object registration for a number of users. A method to share a

common Object Database is required.
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Identification of a user who last moved the target object : If Multi-user I'm
Here! searches a user who last moved the target object from all users, the system
should check huge number of Experience Databases. It is necessary for real-time
processing of Multi-user I'm Here! to develop a method to reduce the number of

candidate users.

Respect for each user’s privacy : Multi-user I’'m Here! should be designed to
respect a user’s privacy when the system utilizes his/her Experience Database
to solve another user’s object-finding task. The system also has to respect the
privacy of a user searching for a target object if he/she doesn’t want to be known

to others that he/she is searching for the object.
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