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Abstract

The concept and inference system of deep level situation understanding are proposed
to realize human-like natural communication among agents (e.g., humans and
robots/machines). The human robot communications based on visible and audible
information are called surface level communications, such as gesture/posture
understanding, facial expression understanding, and speech/voice understanding. The
deep level situation understanding is characterized as unifying the surface level
understanding, emotion understanding, intention understanding, and atmosphere

understanding by applying universal and customized knowledge of each agent.

Gesture communication is an important communication way in surface level
understanding. A multimodal gesture recognition method for Mascot Robot System is
also proposed based on Choquet integral by fusing camera and 3D accelerometer data.
By calculating two fuzzy measures in the training phase for camera based and
accelerometers based units, the proposed system obtains enough recognition rate of

96.0% for 8 types of gestures by improving the recognition rate approximate 20%



compared with that of each unit.

The proposed deep level situation understanding aims to smooth the communications
between human and robot, to realize harmonious communication by excluding
unnecessary troubles or misunderstandings among agents, and finally to create a peaceful,

happy, and prosperous humans-robots society.

A simulated experiment is established to implement the proposed deep level situation
understanding system where meeting-room reservation in a company is done between a
human employee and a secretary-robot. Twelve subjects are asked by questionnaires to
evaluate the response of the proposed inference system comparing to the responses from
familiar people. The proposed deep level inference system achieves a naturalness value
of 0.84 which is between the ranks of “natural (=1.0)” and “a little natural (=0.75)”

comparing to communicate with familiar people.

The proposed deep level situation understanding may be applied in robot systems for
casual communications such as restaurant service robot systems, secretary robot systems,

domestic robot system, and therapy robot systems.
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Chapter 1: Introduction

Chapter 1

Introduction

Robots may exist everywhere in future. They may work in factories as industrial
robots, or do housework in the families as household robots, or serve in restaurants as
waitress robots, or work with human as colleague. It’s a big challenge for a robot to
understand the action (e.g., speech, gestures, facial expression) of human. In the human-
robot co-existing society, the abilities of human like communications are greatly needed
to robot. There are so many challenges during human robots interaction. For example,
misunderstanding caused by poor recognition rate of human actions, unnatural

communication between humans and robots.

Hospitality, in general, is not only from consideration of utterance, but also from
attention to nonverbal information. Recognition of human motions is greatly needed for

communication between humans and robots in social robot systems such as service robots,
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entertainment robots, and household robots, which need to assist human with hospitality
attitude in daily life. The casual communication robotic system, e.g., Mascot Robot
System [1][2], has been proposed based on verbal information to assist human in living
environment. As for nonverbal approaches, gesture recognition has recently become
attractive research themes in the field of Human-Computer Interaction (HCI) for robotics
[3], human behavior studies [4], emotion [5] and sign language [6] recognition, and
virtual environment navigation [7]. Most works on the gesture recognition for HCI have
been done based on visual information, in terms of Hidden Markov Models(HMM) [8],
Dynamic Time Warping(DTW) [9], and Self Organizing Markov Map(SOMM) [10].
Camera based human gesture recognition system usually capture motion information of
body parts (hands and head) by skin color. It is, however, easy to have a noise effect by
the object that has similar color of the skin [11]. On the other hand, application of
accelerometer based gesture recognition is an emerging technique to improve recognition
performance. A wearable acceleration sensor based air writing system that recognizes the

gestures of writing alphabets is proposed in [12].

A multimodal gesture recognition system is proposed in [13], where information
of both 3D acceleration and camera sensors are combined by fuzzy logic. In the study,
when the similarity calculated from the acceleration recognition units is greater than a
given threshold value, the results of the accelerometer unit are taken as the final results
of the gesture recognition system. In reverse, image recognition unit processes the
candidate gestures that come from acceleration unit to get final result. They, however,
have not discussed on how to decide the given threshold. So, it is difficult to apply this

method for other general cases of gesture recognition.
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To deal with this problems, a Choquet integral [14] based multimodal gesture
recognition method is proposed, where human gestures are recognized based on the fusion
of video images and 3D acceleration sensors. The Angular Metrics for Shape Similarity
(AMSS) [15] algorithm is employed to evaluate the similarity between gesture templates
and input data from above two units separately. Next, the optimal fuzzy measures of
Choquet integral are calculated from the training data by a hill climbing algorithm. In the
fusion processing, the similarities of both units are fused by Choquet integral. Finally, the
gesture with maximum fused similarity is chosen as the recognition result of the

multimodal gesture recognition system.

To validate the proposal, a multimodal gesture recognition system is
implemented with a Logicool Qcam(R) camera and two wearable 3D acceleration sensors
(manufactured by Microstone Inc.)[16]. The recognizing gestures in the system are eight
types of typical human emotional-gestures of the Mascot Robot System, i.e., "toast",

"throw dart", "victory", "banzai", "squatting with hands over the head", "face covering",

"guiding" ,and "bye-bye".

Robots are increasingly capable of co-existing with humans in environment, such
as in factories, offices, restaurants, hospitals, elder care facilities, and homes. The ability
of comprehending human activities, e.g., gesture/posture, speech, and emotion, is
required for robots in casual communication, i.e., human-human like communication.
Verbal and non-verbal communications are the two basic ways in casual communications,
which transmit among various agents such as humans and robots/machines. Several
Spoken Dialog Systems are proposed for verbal communication [17] [18]. As for
nonverbal approaches, gesture recognition has become an attractive research theme in the

field of Robot Control [19], Virtual Game Control [20]. Most works on gesture
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recognition for Human Robot Interaction (HRI) have been done based on visual
information [19] [21]. To improve the robustness of gesture recognition system, a
Choquet integral based multimodal gesture recognition system [22] is proposed. Besides
the verbal and non-verbal communication, the atmosphere of the communication
environment are also important factor in Human Robot Communication. The Fuzzy

Atmosfield [23] is proposed for representing the visualizing the atmosphere.

In casual communication among humans, human may hide their real emotions,
intentions, and opinions. But other humans may be able to understand them to some extent
by understanding the spoken contents, voice tones, and facial expression changes. The
communications only based on audible information (e.g., speech and voice) and visible
information (e.g., gesture, posture, and facial expression) are called surface level
understanding in this thesis, while deep level situation understanding is characterized by
unifying the surface level understanding, emotion understanding, intention understanding,
and atmosphere understanding by applying careful attention to both universal and agent
dependent customized knowledge. The deep level situation understanding framework
consists of a gesture/posture recognition module, speech/voice recognition module,
emotion recognition module, intention understanding module, atmosphere understanding
module, and knowledge (including universal knowledge and customized agent-dependent
knowledge) of the interlocutor. Appropriate responses (e.g., speech, gesture, and facial
expression) will produced as the output of the deep level situation understanding

framework.

The deep level situation understanding in casual communication among various
agents, e.g., humans and robots/machines, aims at three issues. Firstly, humans must pay

special attention to robots in the ordinary human-machine communication systems, but
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such burden may be reduced if robots have deep level situation understanding abilities.
Secondly, in the real world, unnecessary troubles or misunderstandings in human-human
communications sometimes may happen but the deep level situation understanding can
make it possible to avoid such lower level troubles. The customized agent-dependent
knowledge will help to comprehend and avoid miscommunication. Thirdly, with the
consideration of surface level understanding, emotions, intentions, atmospheres,
universal knowledge, and customized agent-dependent knowledge, it will also help to
understand the background, habits, and intention of the agent for smoothing natural
Human Robot Interaction, so as to create a peaceful, happy, and prosperous society which
is consisted of humans and various specification robots/machines. To illustrate such a
peaceful, happy, and prosperous humans-robots society, a short story is demonstrated by

four persons, two eye robots, and a therapy-robot PARO.

In this research, a concept and an inference system of Deep Level Situation
Understanding is proposed to realize human-human like communication among humans

and robot.
This dissertation is organized as follows:

In chapter 2, a multi-modal gesture recognition method based on Choquet
integral, is proposed for improving the accuracy of recognizing human actions in Human
Robot Interaction. A camera sensor and two accelerometer sensors are employed for
capturing the motion of gestures in the proposed multimodal system. Six subjects are
invited to perform the eight typical gesture of the Mascot Robot System. By calculating
the optimal fuzzy measures for the camera recognition and accelerometer recognition

units in the training process, the proposed Choquet integral based fusion method greatly
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improved the accuracy of the multimodal system comparing to the accuracy of camera

based recognition unit and accelerometer based recognition unit.

In chapter 3, the concept and inference system of deep level situation
understanding are introduced for achieving human-human like natural communications
among humans and robots. The proposed deep level situation understanding aims to
smooth the communications between human and robot, so as to realize harmonious
communications and finally to create a peaceful, happy, and prosperous humans-robots
society. A simulated experiment is established to implement the proposed deep level
situation understanding system where meeting-room reservation in a company is done
between a human employee and a secretary-robot. Twelve subjects are asked by
questionnaires to evaluate the response of the proposed inference system comparing to

the responses from familiar people.
Finally, this research is summarized in chapter 4.

The roadmap (Figure 1.1) visualizes the relation of each chapter and summarizes

the organization of this thesis.
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Chapter 1
Introduction

Chapter 2
Multimodal Gesture Recognition
Based on Choquet Integral

Chapter 3
Deep Level Situation Understanding

Chapter 4
Conclusions

Figure 1.1. Research Roadmap
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Chapter 2

Multimodal Gesture Recognition

Based on Choquet Integral

Gesture communication is an important communication channel in daily life.
Understanding human gestures is also a big challenge for machines. As the eye of
machine, camera based human gesture recognition system usually tracking motion of
body parts (hands and head) by skin color cue. It is, however, easy to be effected by the
object that has similar color of the skin [11]. On the other hand, the accelerometer sensor
based is an emerging technique for acquiring motion information of gesture. A wearable
acceleration sensor based air writing system that recognizes the gestures of writing

alphabets is proposed in [12].
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A multimodal gesture recognition system is proposed in [13], where information
of both 3D acceleration and camera sensors are combined based on fuzzy logic. In the
study, when the similarity calculated from the acceleration recognition units is greater
than a given threshold value, the recognition result from the accelerometer unit is taken
as the final result. In reverse, image recognition unit processes the candidate gestures that
come from acceleration unit to get final result. They, however, have not discussed about
how to decide the given threshold. So, it is difficult to apply this method for general cases

of gesture recognition.

To realize robust gesture recognition, a Choquet integral [14] based multimodal
gesture recognition method is proposed, where human gestures are recognized by fusing
the results of vision and 3D acceleration based recognition units. The Angular Metrics for
Shape Similarity (AMSS) [15] algorithm is employed to evaluate the similarity between
gesture templates and input data from the two units separately. Next, the optimal fuzzy
measures of Choquet integral are calculated from the training data by a hill climbing
algorithm. In the fusion processing, the similarities of the two units are fused by Choquet
integral. Finally, the gesture with maximum fused similarity is chosen as the recognition

result of the multimodal gesture recognition system.

To demonstrate the validity, the proposed gesture recognition system is
implemented with a Logicool Qcam(R) camera and wearable 3D acceleration sensors
(manufactured by Microstone Inc.). The recognizing gestures in the system are eight types
of typical human emotional-gestures of the Mascot Robot System, i.e., "toast", "throw
dart", "victory", "banzai", "squatting with hands over the head", "face covering",

"guiding™ ,and "bye-bye"
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2.1 Mascot Robot System

Door

Robot 2: Dart
Robot 3: Display

Robot4: Drink bar
Robot 5: Mobile robot Robot 2

Figure 2.1. Mascot Robot System in Home Party Environment

The focus of Human Robot Interactions has been concentrated on social robot
systems such as service robots, entertainment robots, and domestic robots in home
environments, where robots are demanded to communicate with humans naturally and
smoothly. The Japanese government has promoted such research directions, and the
Mascot Robot System has been developed supported by New Energy and Industrial
Technology Development Organization (NEDO) and Japan Society for the Promotion of
Science (JSPS). The Mascot Robot System is proposed in household environments, which
provides casual communication between humans and robots through human speeches and

gestures.

10
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As an example, the architecture of Mascot Robot System used in living
environment is shown in Figure 2.1. There are four fixed type eye robots placed on
furniture or appliances such as TV, dart game board, information monitor display, drink
mini bar, and an autonomous mobile eye robot in the living room. Each robot is controlled
by a networked laptop. The four fixed robots are connected to the common server via
LAN cable, and the mobile robot are wirelessly connected to the server. The whole system
is controlled and supervised by the common server, which also coordinate the action and
responses of the robots. In the Mascot Robot System, a home party scenario, e.g., greeting
visitors, playing darts game, and retrieving drink information, is implemented to show
the responsiveness of the system by considering the emotions of eye-robots and the
atmosphere in the living room. There are four humans (a host and three guests including

one unexpected guest) and five robots in the scenario.

Every robot is composed of a laptop computer, a microphone, a web camera, and
an eye mechanism. Firstly, the speech information, images information and acceleration
information are captured from microphone, web camera, and 3D accelerometers. Then
these information are processed and the results are shared with the common server. The
eye robot will express their emotions for responding to the human gestures which is
recognized by the proposed multimodal gesture recognition module. Eight types of
typical emotional-gestures in a home party scenario are used in the multimodal gesture
recognition module. There also exist some other types of gestures that control the mobile

robot moving.

In order to integrate all information in the system, Robot Technology Middleware
(RTM) is used to construct the network system, called RTM-Network. In the RTM-

Network, each robot can be viewed as a network component, and each function unit of

11



Chapter 2: Multimodal Gesture Recognition Based on Choquet Integral

robots is called a Robot Technology Component (RTC). There are 8 kinds of modules

constructed in the RTM network of Mascot Robot System:

1) A speech recognition module (SRM): This module recognizes human speech

and controls the output of suitable word spoken by the robot.

2) A gesture recognition module (GRM): This module recognizes human
gestures by fusing the recognition result of camera and 3D accelerometers recognition

units for robust and accurate recognition.

3) An eye-robot control module: This module controls eye robot movement

according to recognized emotion from emotion processing module.

4) An emotion processing module: This module has two tasks. The first one is to
transfer the recognition result from speech recognition module to the server module for
the further processing. The second one is to receive the data from server module and to

send them to eye-robot control module.

5) A display module: This module shows the recommended information on

display.

6) A mobile robot control module: This module controls the movement of the

mobile robot.

7) An information retrieval module: This module replies the information in

correspond to the request given by the scenario server module.

8) A scenario server module: This module supervises whole system and

communicates with information retrieval engine module.

The relation of the 8 kinds of modules is illustrated in Figure 2.2.

12



Chapter 2: Multimodal Gesture Recognition Based on Choquet Integral

= Robot id, command

= SRM event (result)

= SRM command (valid SRM id)
= Display command (URL)

== Mobile command

EJUL EJEJL [t s IPAN ™M Ml"ll gl et AN ™
Emotion Emotion Emotion | Display || Emotion Emotion | Control
Modulel Module2 Module3 | Module || Module4 Module5 | Module

tdinhee

Eye Eye Eye
Robd SRM GRM Robot SRM GRM Robot SRM GRM

robot 1 - [ robot 2 [ robot 3

Figure 2.2. RTM Network for Mascot Robot System

In each robot, the recognized result of GRM is the one of the inputs to the
Emotion Module. When an input comes, the Emotion Module will pre-process it, pass the
processed data to server, and then the server will send its responding instruction to other

modules.

The eye robot has a pair of eyeballs and eyelids. The motions of the eye robot
reflect the fuzzy mentality expression, where eye robots express the emotional
expressions such as happiness, sadness, surprise, and anger. The appearance of an eye

robot and mobile robot is shown in Figure 2.3 and 2.4.

13
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Figure 2.3. The Eye Robot in Mascot Robot System

Figure 2.4. The Mobile Robot

14
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2.2. Multimodal Gesture Recognition System

The architecture of the proposed gesture recognition system is shown in Figure
2.5. The system consists of two units, i.e., camera based gesture recognition unit and

accelerometers based gesture recognition unit.

Camera based Accelerometer based
/ Recognition Module .\ Recognition Module

/ A

-

Skin Blob Detection

& Tracking
- g | Gesture I
r J’ " Templates

Data Smoothing l
Gesture v
Templates Calculate Similarity
v (AMSS)
[ Calculate Similarity ]
(AMSS)
\ | / \ /
k 2 h 4
[ Fusion by Choquet Integral ]
[ Recognition Result ]

Figure 2.5. The Architecture of Multimodal Gesture Recognition System

15
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2.2.1 Camera based Gesture Recognition Unit

The video images captured from the camera are converted from RGB color space
to Hue-Saturation-Value (HSV) color space to obtain the human skin information
smoothly. After that, the skin blob detection and tracking sub-unit is used to detect and
to track the skin color blobs (both hands and head). The trajectory information of these
three blobs is smoothed in the data smoothing sub-unit. Finally, AMSS algorithm is

applied to calculate the similarity between the tracked trajectory and the gesture template.
2.2.1.1 Skin Blob Detection and Tracking

The skin blob detection and tracking sub-unit uses the HSV color space because
the HSV color space is suitable for detecting human’s skin color. A pixel’s color is
identified as the skin color if the HSV value of this pixel exists in certain color ranges set
in advance. The possible range of skin color, however, is changed according to the
environment, and the final assigned range in the experiment is2 < H < 14,65 <S <
180, and 20 < V < 250 by using OpenCV Library. This skin color range is applied to
all participants in experiments. It is confirmed that the three regions of the head and two

hands parts are detected in the skin blob detection processing sub-unit.

The detected blobs are labeled from the first frame, i.e., the blobs in the left side
and right side of the frame are labeled as hands, and the blob between two hands is labeled
as head. From the second frame on, the nearest blob to the blob in the previous frame will
be marked as the same label. The sequence of coordinates of the three body parts are

obtained as the trajectories of left hand, head, and right hand.
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2.2.1.2 Feature Extraction and Data Smoothing

To recognize gestures, the 2D locations of blobs’ centers are used as the features.
The locations of left hand, head, and right hand are denoted as {xi, yi}, {Xn, yn}, and {xr,

yr}, respectively.

In the feature extractions part, the following two processes are done on the raw

data:

(1) Data Smoothing: Simple moving average of 3 adjacent points is used to

smooth raw data, i.e.,
Xsmoothing = (Xi-1 + Xi + Xi+1) /3, (2.1)
where X; stands for the raw locations of blobs.

(2) Quantization: The Dynamic Time Warping (DTW) algorithm mentioned in
2.2.1.4 is used for recognizing gestures. The complexity of the DTW algorithm is
dependent on the length of the input sequence and template sequence. The short length of
sequences contributes to the performance improvement of recognition. If the distance
between a point and its nearest point of the trajectory is shorter than 10 pixels, the point

Is ignored; otherwise the point is added to the points’ sequence of trajectory.

2.2.1.3 Template Selection

The DTW algorithm is a template-dependent method. The recognition rate of
DTW based system is greatly dependent on the quality of the reference template.
Accordingly selecting reliable template is one of the important tasks in the training

process. There are several methods for template selection such as random selection,
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minimum selection, normal selection, and multiple selection [24]. After checking from
the cost performance viewpoint, minimum selection is used for selecting the appropriate

template for the gesture recognition.

2.2.1.4 Camera based Gesture Recognition by AMSS

The Dynamic Time Warping (DTW) is widely used for matching time series by
calculating the optimal distance between two time series based on dynamic programming.
To calculate the DTW value of two time series, a distance matrix, which represents the
distance of each element pair in the two time series, is built. Dynamic programming is
then used to find the optimal path, called warping path. The accumulated value of the

warping path represents the similarity (distance) of two time series.

The Angular Metrics for Shape Similarity (AMSS) [15] algorithm is used to
calculate the similarity between gesture sequence and template sequence, which is a
robust improvement of DTW algorithm. Instead of calculating the distance of elements
in conventional DTW, the AMSS takes the cosine value of the intersection angular of two
trend vectors, which is computed by neighboring element of each time series, as the
distance measurement. The warping path is computed through the whole distance matrix.
The similarity of two time series is calculated as the average value of accumulated value

on optimal warping path.

The AMSS algorithm is based on trend vectors which are scale-invariant, so it
has the power for recognizing user-independent gestures. Besides, due to its efficiency

and simplicity, the AMSS algorithm is selected as the main recognition algorithm.
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2.2.2 Accelerometer based Gesture Recognition Unit

Two 3D acceleration sensors are used for capturing the motion of human’s two

hands.

The sequence of feature values are taken as the input of the accelerometers based
gesture recognition unit. The AMSS algorithm is used for measuring the similarity of
input sequence and template sequences. The average similarity of the 3-axes is taken as

the result of this unit.

2.2.3 Proposed Fusion Method based on Choquet Integral

The information obtained from two accelerometers and a camera sensors are
different in accuracies and frequencies. These information are processed by different
preprocessing and recognition algorithms. The recognition result comes from
accelerometers and camera is not additive. Thus, a Choquet integral based method is

proposed for fusing the similarity of accelerometers and camera based recognition units.

The Choquet integral in terms of fuzzy measure is studied by Murofushi and
Sugeno[14]. Let Sf, . denotes the similarity between i-th training data of g-th gesture and
the t-th template sequence by the accelerometers based unit, and ng_t is the similarity

calculated from the camera based unit. The symbol M; and M stand for the fuzzy

measures of camera recognition unit and the accelerometer unit of j-th gesture template

separately. Then, the fused similarity calculated by Choquet integral [14] is shown as

19



Chapter 2: Multimodal Gesture Recognition Based on Choquet Integral

¢+ (Sfge = Sige) X MF,if(Sge = Sigo)
lgt(slgt' lgt M ) { Lg, 1,8, g 18, lg (2.2)

gt+ (Slgt gt)XMa'lf(S gt<Slgt)

The difference of similarity error between i-th training data of g-th gesture and

the misrecognized gesture is calculated as

fGg MM, .., MEME) = max {Cigi) — Cigg (23) ,

where G denotes the number of gesture, and T is the number of templates.

Then, the problem of estimating the optimal fuzzy measure

( *M3, "M§, .., *ME, *Mg) from all training data can be modeled as

i : a [¢ a C
a gnlna C f(lf gl 1 12 = G MG) ) (24),
(M%{,M7,..,Mg,M¢)
ge{1,..,G} i€{1,..,TN}

where TN is the number of training data for each gesture.

The optimal fuzzy measure value of both units cannot be calculated exactly, but
it can be found approximately. A hill climbing based algorithm is employed to find the

optimal fuzzy measure. The algorithm is demonstrated as follows:

Step 0: Initialize (M3, 5, M5, ...,M&,M¢) randomly in the range of

between 0 and 1 by uniform distribution.
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Step 1: Calculate the fused similarity from the two units by equation (2.2), and

then calculate the recognition rate from the training data.

Step 2: Preserve current parameters if the recognition rate in step 1 is better than

the best training rate before.

Step 3: For each gesture g in {1, 2, ..., G}, similarity error of all training data is
calculated by adjusting the parameters Mg and Mg one step forward and backward as in

equation (2.3). And then the minimum of these similarity errors is found.

Step 4: If the minimum similarity error calculated in step 3 is greater than the
similarity error before parameter adjustment, then it has reached to the local minimum

similarity error, so exit the loop.

Step 5: Update the changes if the minimum similarity error is less than the current

error, and then go back to Step 1.
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2.3. Experiment on Multimodal Gesture Recognition

2.3.1 Experimental Environment

To demonstrate the validity and applicability, the proposed method is confirmed
by the typical gestures of the Mascot Robot System. The experiments on the Mascot
Robot System are complex and require a lot of time, therefore, the authors here did the

offline experiments.

The proposed method is implemented on each of notebook PCs with Intel®
Core2Duo 2.54GHz, 2GB of RAM by using Visual C++ 2008 and OpenCV 2.1 library
for video processing on Windows system. Two 3D accelerometers and a web camera are
used to track movements of the body parts in experiments. The wearable accelerometers
(W=45 xD=45 xH=20mm), manufactured by Microstone Inc., are used to get three
dimensional acceleration data of human body movements in 3D Euclidean space, and the
accelerometer transmits these 3D movement data via a Bluetooth connection. The two
3D accelerometers are attached on the wrist of participants (shown in Figure 2.6). The
video sequences are captured by a Logicool Qcam(R) Connect camera mounted on a

notebook PC with 30 fps rate and 320x240 pixels resolution.
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Figure 2.6. 3D Wearable Wireless Accelerometer

Eight types of typical emotional-gestures are employed in the experiments. Each

name and description of the eight gestures is;
(G1) Toast: Raising a hand with a glass upwards from the waist level.
(G2) Throw dart: Moving a hand with a dart forward speedily from the head level.

(G3) Victory: From the relaxed position besides legs, the right hand is raised up
to a level between the chest and the head. (This motion expresses happiness when the dart

hits the target.)

(G4) Banzai: Both hands are first put down besides legs and then both are held

right up. (This motion expresses happiness when the dart hits the target.)
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Figure 2.7. Motion of G5 (Squatting with hands over the head).

(The three lines are the trajectory of the three body parts.)

(G5) Squatting with hands over the head: From the relaxed position the besides
legs, both hands are put on the head and human participant squats. (This expresses

disappointment when the dart loses the target.)(Figure 2.7)

(G6) Face covering: Both hands are first put down besides legs and then right

hand is held at face. (This expresses sadness when the dart loses the target.) (Figure 2.8)

(G7) Guiding: From their relaxed position, the right hand beside legs is swung

up to the point towards the right direction.

(G8) Bye-bye: Both hands are first put down besides legs and then right hand is

waved iteratively at right side.
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Figure 2.8. Motion of G6 (Face covering Gesture).

(The line shows the trajectory of right hand)

The eight types of gestures are performed by 6 experimenters with five times’

repeats. Finally 240 gesture data are collected.

2.3.2 Training the Value of Fuzzy Measure

Cross Validation [25] is widely used for evaluating and comparing learning
algorithms. In this experiment, the 5-fold Cross Validation, i.e., the dataset is divided into
five parts where each part is taken as the test data and the rest parts are taken as the
training data, is employed for train and test the proposed system. As mentioned in 2.2.1.3,
the minimum selection is used to choose the suitable template. To calculate the optimal

fuzzy measure values, the following three steps are done;

(1) Similarity calculation: Calculate the similarities of camera and accelerometers

units separately for all of the training data.
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(2) Similarity normalization: Each training data is compared to the eight
templates. That is, it will get eight similarities for each input data. Then these eight
similarities are normalized in the range of [0, 1], i.e., divided by the maximum of the eight
similarities.

(3) Finding optimal measure value: The algorithm illustrated in 2.2.3 is

implemented for calculating the optimal fuzzy measures for each gesture.

Because the algorithm mentioned in 2.2.3 is the one relied on initial values, it is
executed for many times to get the approximate global optimal fuzzy measures. The fuzzy
measures which achieve best recognition rates from the training data are considered as

the optimal fuzzy measures for evaluating test data.

Table 2.1. The Initial and Optimal Values of Fuzzy Measures

Camera Unit Accelerometer Unit
Gesture
Initial | Optimal Initial Optimal
G1 0.5 0.6 0.9 0.85
G2 0.3 0.4 0.9 0.6
G3 0.5 0.45 0.8 0.3
G4 0.5 0.8 0.4 0.3
G5 0.4 0.7 0.3 0.5
G6 0.4 0.25 0.1 0.75
G7 0.1 0.25 0.9 0.55
G8 0.5 0.5 0.9 0.75
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The 5-fold Cross Validation is applied for 100 times with step value of 0.05.
Table 2.1 demonstrates the initial and estimated optimal fuzzy measures of the two units

in the training stage.

2.3.3 Result of Multimodal Gesture Recognition and Discussion

The recognition result of the camera based and the accelerometers based units
are given in Table 2 and Table 3. According to Table 2, G1 (toast gesture) shows the
worst result of the camera based recognition unit. Because G7 (guide gesture) has the
similar trajectory to G1 (Figure 2.9), 10 data of G1 are misrecognized as G7 and 6 data
of G7 are misrecognized as G1. For some gesture (i.e. G6) obtained better recognition
result in the camera based recognition unit, while some gestures (i.e. G7) got better

recognition result in the accelerometers unit.
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Table 2.2. Gesture Recognition Results of Camera based Recognition Unit

Gesture category
Gesture

G1|G2|G3|G4|G5|G6|G7|G8 | Total
Gl |18/ 0]1/0/0|1]10/0| 30
G2 219/ 0]0]0]0|]9]0] 30
G3 001201002 8|0 30
G4 0, 0]5(24/0|1 0|0 30
GS 0, 0]0]0|30/0 0|0 30
G6 2,/0/0]0]0]|25]3|0] 30
G7 61 0[4]0]0]0|20| 0| 30
G8 0/|0[1]0]0]0|1 28| 30

(a) G1 (toast gesture) (b) G7(guide gesture)

Figure 2.9. The Trajectories of G1 and G7 (shown in green)
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Table 2.3. Recognition Results of Accelerometers-based Recognition Unit

Gesture category
Gestures Gl |l c2 1631 sl 5| Ge | g7 | a8 Total
Gl 14 | 0 | 3 10| 1 | 1|0 |1 30
G2 0 /3| 0]o0o]o]o]o]o 30
G3 0l 0] 9 |5 13| 2] 01 30
G4 0O | 0 | 0 |16 |14 ] 0 | 00 30
G5 0 | 0] 0| 6 24| 0] 00 30
G6 0 0 4 7 15 0 0 30
G7 0 0 0 0 0 0 [ 30 ] 0 30
G8 oo | o] o] 0] 0] 03] 30

An example of fusing similarities by Choquet integral is illustrated in table 4.
The input gesture is G4.The second and third rows show the normalized similarities
comparing with the eight templates by the two recognition unit. It will be misrecognized
as G5 and G3 separately. The forth row present the fused similarity of the proposal based
on trained fuzzy measure and equation (2.2). After the fusion process, it obtains biggest
similarity (0.89) comparing with the forth template. So the input gesture is recognized as
G4 by the proposed method though it is misrecognized by the accelerometer recognition

unit and the camera recognition unit.
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Table 2.4. Example of Fusing Similarities by Choquet Integral

Gl G2 G3 G4 G5 G6 G7 G8

Accele-

rometer
0.44 | 0.62 | 0.48 | 0.99 1.00 0.46 0.36 | 0.55
Only

Camera

Only 093 | 005 | 1.00 | 0.84 0.23 0.82 0.93 0.66

Fused

Similarity | 0.73 | 0.39 | 0.71 | 0.89 0.62 0.55 0.50 0.61

The recognition rate of training data and test data is shown in Table 2.5 with its
graph illustration in Figure 2.10. By calculating the optimal fuzzy measure of Choquet
integral, the proposed fusion method achieves an average recognition rate of 96.0%,
which is 22.7% higher than the average recognition rate of both units. Six of all eight
gestures achieve higher recognition rate than the recognition rate of each unit. The
proposed multi-modal recognition method obtains the average evaluation value of 96.0%

among the eight types of gestures.

This result confirms the practical applicability of the proposed multi-modal
recognition method compared with the accuracy of the camera recognition unit and the

accelerometer recognition unit.
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Table 2.5. Fusing Result of Choquet Integral Comparing with Each Unit

Accelerometer Choquet Integral
Camera Unit
Unit Train (Test)
Gl 60.0% 46.7% 90.8% 92.6%
G2 63.3% 100.0% 100.0% 97.0%
G3 66.7% 30.0% 99.9% 90.0%
G4 80.0% 53.3% 100.0% 99.7%
G5 100.0% 80.0% 100.0% 100.0%
G6 83.3% 50.0% 94.3% 92.1%
G7 66.7% 100.0% 100.0% 100.0%
G8 93.3% 100.0% 95.9% 96.7%
Average 76.7% 70.0% 97.6% 96.0%
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The Recognition Rate of Choquet Integral
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Figure 2.10. Result of Choquet Integral Based Fusion

Sugeno Integral [26] is another famous integral method in fuzzy. The Sugeno
Integral is also implemented and compared with the result of each recognition unit. The
recognition rate of Sugeno Integral based fusion is shown in Table 2.6 and its graph
illustration is shown in Figure 2.11. As shown in the table, Sugeno Integral based fusion
method also achieves a high accuracy of 94.3% which is 21% higher than the average
recognition rate of camera based gesture recognition unit and accelerometer based gesture
recognition unit. Because the operations of Sugeno Integral are only Max and Min
operations, it bring out a low recognition rate which is 1.7% lower than comparing with

Choquet integral based fusion method.
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The Opposite-Sugeno Integral [27] is also implement in the proposed multi-
modal gesture recognition system. The result of Opposite-Sugeno Integral based fusion
is shown in Table 2.8 and Figure 2.12. The Opposite-Sugeno Integral based fusion
method achieves an accuracy of 95.3% which is 1% higher than the Sugeno Integral based
fusion method and is 0.7% lower than the recognition rate of Choquet integral based
fusion method. This is because that the mathematic operations of Opposite-Sugeno
Integral is more abundant than the Sugeno Integral in which only the the min operation
and max operation is used for computing, while the Choquet integral use the mathematics
operation like addition operation, minus operation and multiply operation which is more

precise and powerful than the operations in Opposite-Sugeno Integrals.
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Table 2.6. Result of Sugeno Integral Based Fusion

Sugeno Integral
Camera Unit | Accelerometer Unit
Train Test
Gl 60.0% 46.7% 81.5% 76.6%
G2 63.3% 100.0% 99.9% 100.0%
G3 66.7% 30.0% 93.3% 88.4%
G4 80.0% 53.3% 99.2% 98.3%
G5 100.0% 80.0% 100.0% 100.0%
G6 83.3% 50.0% 94.6% 92.3%
G7 66.7% 100.0% 100.0% 100.0%
G8 93.3% 100.0% 98.7% 98.9%
Average 76.7% 70.0% 95.9% 94.3%
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Figure 2.11. Result of Sugeno Integral Based Fusion
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Table 2.7. Result of Opposite-Sugeno Integral Based Fusion

Camera Accelerometer Opposite-Sugeno Integral

Unit Unit Train Test
Gl 60.0% 46.7% 90.4% 79.9%
G2 63.3% 100.0% 100.0% 100.0%
G3 66.7% 30.0% 98.6% 99.0%
G4 80.0% 53.3% 99.6% 99.7%
G5 100.0% 80.0% 100.0% 100.0%
G6 83.3% 50.0% 87.9% 87.1%
G7 66.7% 100.0% 100.0% 100.0%
G8 93.3% 100.0% 96.2% 96.7%
Average 76.7% 70.0% 96.6% 95.3%
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Figure 2.12. Result of Opposite-Sugeno Integral Based Fusion
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Table 2.8. Result of Linear Weight Based Fusion

Camera Unit Accelerometer Linear Weighted
Unit Train Test
G1 60.0% 46.7% 83.7% 76.6%
G2 63.3% 100.0% 99.9% 98.7%
G3 66.7% 30.0% 93.2% 93.9%
G4 80.0% 53.3% 90.1% 90.7%
G5 100.0% 80.0% 100.0% 100.0%
G6 83.3% 50.0% 89.5% 87.5%
G7 66.7% 100.0% 98.7% 99.0%
G8 93.3% 100.0% 96.0% 96.6%
AVG 76.7% 70.0% 93.9% 92.9%
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Figure 2.13. Result of Linear Weight Based Fusion
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Linear weighted fusion is one of the efficient and widely used methods. The
weight of each gesture is trained by the same hill climbing algorithm. The fusion result is
shown in Table 2.8 and Figure 2.13. This results show that Choquet integral based fusion
is more powerful than the linear weighted fusion. It can be concluded that the Choquet
integral based fusion method is more robust than the Sugeno Integral based fusion method,
the Opposite-Sugeno Integral based fusion methods and the linear weighted based fusion

method.

2.4. Chapter Summary

A Choquet integral based multimodal gesture recognition method is proposed by
fusing the information of camera and 3D accelerometer sensors. The proposed
multimodal recognition system consists two gesture recognition units which are the
camera recognition unit and the 3D accelerometers recognition unit. First, temporal
sequence data of each unit are extracted, and then the gesture similarities are calculated
by AMSS algorithm. Finally, the similarities calculated from the two recognition unit are

fused by Choquet integral fusion method.

To demonstrate the validity, the proposed method is confirmed by the eight
types of typical gestures in the Mascot Robot System research project, where six
participants are invited to repeat the gestures for five times. The recognized gestures in
the system are eight types of typical human emotional-gestures in the scenario.
Consequently, the proposed multimodal gesture recognition system achieves an accuracy
of 96.0%, which are about 20% improved comparing to the average accuracy of the two
recognition unit. To show the advantage of the Choquet integral fusion method, the result

of Choquet integral fusion method are compare with the Sugeno Integral based fusion
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method, the Opposite-Sugeno Integral based fusion methods and the linear weighted
based fusion method. It is obviously that the Choquet integral based fusion method is
more powerful than the Sugeno Integral based fusion method, the Opposite-Sugeno

Integral based fusion methods and the linear weighted based fusion method.
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Chapter 3

Deep Level Situation Understanding

Human may hide their real emotions and intentions in casual communication
among humans. But others may be able to understand their real emotions and intentions
to some extent by understanding the spoken contents, voice tones, and facial expression
changes. Robots are also expected to be competent to these kinds of deep level
communications. Although speech recognition, gesture/posture recognition, emotion
recognition, intention estimation, and atmosphere estimation can help robot to
comprehend parts of human activities, these approaches are still not sufficient for casual
Human Robot Interaction. The audible information (e.g., speech and voice) and visible
information (e.g., gesture, posture, and facial expression) are called surface level
communication in this thesis, while deep level situation understanding is characterized by
unifying the surface level understanding, emotion understanding, intention understanding,
and atmosphere understanding by applying thoughtfulness to both universal and agent
dependent customized knowledge. The deep level situation understanding framework

consists of a gesture/posture recognition module, speech/voice recognition module,
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emotion recognition module, intention estimation module, atmosphere understanding
module, and knowledge (including universal knowledge and customized agent-dependent

knowledge) of the interlocutor.

The deep level situation understanding in casual communication among various
agents, e.g., humans and robots/machines, aims at three issues. Firstly, humans must pay
special attention to robots in the ordinary human-machine communication systems, but
such burden may be reduced if robots have deep level situation understanding abilities.
Secondly, in the real world, unnecessary troubles or misunderstandings in human to
human communications may sometimes happen but the deep level situation
understanding can make it possible to avoid such lower level troubles. The customized
agent-dependent knowledge will help to comprehend and avoid misunderstanding.
Thirdly, with the consideration of surface level information, emotions, intentions,
atmospheres, universal knowledge, and customized agent-dependent knowledge, it will
also help to understand the background, habits, and intention of the agent for smoothing
natural Human-Robot Interaction, so as to create a peaceful, happy, and prosperous

society which consists of humans and various specification robots/machines.

A simulated experiment is established to implement the proposed deep level
situation understanding system where meeting-room reservation in a company is done
between a human employee and a secretary-robot. Twelve subjects are asked by
questionnaires to evaluate the response of the proposed inference system comparing to

the responses from familiar people.
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3.1 Related Works for Human Robot Interaction

3.1.1 Speech Understanding

Spoken Dialog System (SDS) provides a communication interface between the
user and a computer-based system with the limited domain in the manner of speech. Many
SDS has been developed in various applications. Most of the SDS are designed in
restricted domains such as the telephone based “Let’s Go Public” bus information system
[28], JUPITER weather information system [29], DARPA travel planning system [30].
Some of the SDS are also proposed for multi domain such as SENECA [31] system for
entertainment, navigation and communication, CHAT [32] system for multi-task driving
helper system. Multi domain SDSs also have been used in real environments [33][34][35]

[36] [37].

In the SDS, the dialogue management plays an important control roles in the
spoken dialogue system. Early Dialogue systems are conducted by predefined rules
[38][39]. But it is not flexible to adapt the natural dialog flow. A Markov Decision Process
based dialog system [40] is proposed. They argued that a dialog system can be mapped
to a Markov Decision Process with additional assumption about the state transition
probabilities. A reinforcement learning algorithm is employed to find the optimal strategy.
The Partially Observable Markov Decision Processes (POMDP) for dialogue modelling
[41] is proposed by extending Markov Decision Processes with providing a principled
account of noisy observations, and the result outperforms that of Markov Decision
Processes based method. The POMDP based dialog systems is more robust because they
can handling the errors of speech recognition. Some researchers also tried to combine the

traditional knowledge based dialog management design with reinforcement learning
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based dialog management to reflect domain dependent business rules and to reduce the
policy space [42][43]. Traditional reinforcement learning based dialogue management
systems require a large amount of training data to learn the optimal policies. To tackle
this problem, methods for generate simulated dialogues are also proposed [44] [45]. An
approach for optimize dialogue policies are proposed by integrating the reinforcement
and supervised learning [46]. The advantage of this approach is that it could eliminate the
need for large amounts of dialogue data. Some researcher also proposed methods by
restricting the possible actions based on conventional rules in the POMDP framework
[47]. In this approach, the optimization process works faster and are more reliable than

the classical POMDP.

3.1.2 Gesture/Posture Understanding

Computer vision based human gesture recognition system often gets moving
information of body parts (hands and head) by applying skin color tracking method. It is,
however, easy to have a noise effect by the objects which have similar color of the skin.
On the other hand, application of accelerometer data to gesture recognition is an emerging
technique to improve recognition performance, e.g., accelerometer based control system
[48], and accelerometer based recognition system for recognizing personalized gesture

[49].

A multimodal gesture recognition system is proposed in [13], where information
of both 3D acceleration and camera sensors are combined based on fuzzy logic. In their
study, when the similarity calculated from the acceleration recognition units is greater

than a given threshold value, the recognition result from the accelerometer unit is taken
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as the final result. In reverse, image recognition unit processes the candidate gestures that
come from acceleration unit to get final result. How to decide the given threshold,

however, should be investigated to apply the method for other cases of gestures in general.

To deal with this problems, a Choquet integral based multimodal gesture
recognition method is proposed [22], where Choquet integral is employed for fusing the
similarities of the camera and 3D acceleration recognition units. By calculating the
optimal fuzzy measures of the camera-based recognition unit and the accelerometer-based
recognition unit, the gesture recognition system achieves a high recognition rate for eight

types of gestures.
3.1.3 Emotion Understanding

An automatic real-time capable continual facial expression recognition system is
proposed [50] based on Active Appearance Models (AAMs) and Support Vector
Machines (SVMs) where face images are categorized to seven emotion states (neutral,
happy, sad, disgust, surprise, fear, and anger). An individual mean face is estimated over

time to reduce the influence of individual features.

In the casual communication, emotion may be expressed on both facial
expression and voice. A multimodal emotion recognition system is proposed [51] to

recognize emotions from audio sequence and static images.
3.1.4 Intention Understanding

Estimating the intention of human is also important in Human-Robot Interaction.

An intention reason algorithm [52] is proposed based on bidirectional associative
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memories driving support system. A maximum entropy based intention understanding

method [53] is proposed for understanding the intention of speech in a dialog system.
3.1.5 Atmosphere Understanding

In many-to-many communication, e.g., a conference with twenty participants, it
may be not easy to identify the attitude, mood, and emotion of each individual, and instead
the atmosphere of the whole gathering becomes an important issue for smooth
communication. To reflect the uncertainty and subjectivity of the atmosphere as well as
its effect on the emotions of the individuals in many-to-many communication, a concept
of Fuzzy Atmosfield (FA) is proposed [54] to represent the atmosphere being created in

the process of interactive communication.

To adapt robot’s behaviour for smooth communication in human robot
interaction, a Fuzzy Production Rule based Friend-Q learning method (FPRFQ) is
introduced [55]. Based on the FPRFQ, a behaviour adaptation mechanism is proposed to

solve the robots’ behaviour adaptation problem.

3.2 Concept of Deep Level Situation Understanding

Although speech understanding, gesture/posture understanding, emotion
understanding, intention understanding, and atmosphere understanding can help robot to
comprehend parts of human activities. These approaches are still difficult to understand
human activity deeply in casual Human Robot Interaction. People usually hide their real
emotions, intentions, and opinions and show them in another indirect/different way.
These kinds of information are just a reflection of the real emotions, intentions, and

feelings.

44



Chapter 3: Deep Level Situation Understanding
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Figure 3.1. The Relationship of the Surface Level Understanding and the Deep

Level Situation Understanding.

The audible information (e.g., speech and voice) and visible information (e.g.,
gesture, posture, and facial expression) are just the surface information of humans. Thus
the understanding of such surface information is called surface level understanding in this
thesis. If the understanding level is illustrated by an iceberg, the audible and visible
information is just like a tip of the whole iceberg above the sea level, while there still
remains more information hidden under the sea level such as emotion, intention, and
atmosphere. In contrast with surface level understanding, the deep level situation
understanding is characterized by unifying the surface level understanding, emotion
understanding, intention understanding, and atmosphere understanding by adding a
thoughtfulness function to the inference engine on the situation inference system

consisted of both universal knowledge and agent dependent customized knowledge. The
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relationship between the surface level understanding and the deep level situation

understanding is illustrated in Figure 3.1.

Moreover, customized knowledge and thoughtfulness should also be considered
for casual human robot communication. Customized knowledge and thoughtfulness are

detailed in 3.2.1 and 3.2.2 respectively.
3.2.1 Customized Knowledge

Why the communications between friends are usually smoother than the
communications between strangers? It’s because friends usually know each other very
well. Friends have special knowledge, e.g., tempers, habits, and means of expression, of
each other. These special knowledge may help to avoid misunderstanding in human-

human communications.

These special customized knowledge should also be considered in the humans-
robots communication for realizing the smooth communications as human-human. There
are two kinds of customized knowledge data. (1) The data that characterizing the normal
state (including the normal tones, normal facial expression) of a people. Because people
may show their pleasure and anger in different ways. Some people may keep smiling face
all days. When angry, they may just keep silent. For these people, smiling is their normal
state. (2) The data featuring people’s habits (e.g., his/her favorite, frequency of doing
something). The habit data is obtained from the history communications. Usually these

kinds of data is known to friends.
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3.2.2 Thoughtfulness Communications

Human usually consider emotion and intention of their conversation partners.
There are many instances of deep level situation understanding in daily life. Suppose you
visited a convenience store and want to buy a fountain pen. In this case, you may ask the
shop assistant that “Do you have a fountain pen?” The shop assistant may guess that you
want to buy this kind of pen. Even if it is a yes-no question, neither “yes” nor “no” is
expected to end the conversation. If there are fountain pens in the shop, the shop assistant
will guide the customer to the specific location of the fountain pens. If they do not have
this kind of pen, in order to provide satisfactory service to the customer, they will guide
the customer to the shop where the fountain pen can be purchased. Imagine a lady usually
goes to a cafe for her favorite coffee and dessert. The waiter/waitress in the cafe knows
the preference of their regular customer. When this lady just orders “the usual one” it is
no doubt that the waiter/waitress will understand the meaning and bring the desired drink

and dessert to her.

Because thoughtful communication can make the interlocutor feel comfortable,
the robots should also have the ability of thoughtfulness inference for human-human like

communication.

3.3 Inference Framework

for Deep Level Situation Understanding

Since people usually hide their real emotions, intentions, and opinions and show
them in another indirect/different way. Not only the surface level information, i.e. visible

and audible information, is important for human-robot communication, but also emotion
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information, intention information, and atmosphere information should be considered for

human-like reactions.

(Speech and Voice) (Facial Expression, Gesture etc.)

Speech > Emotion
. Gesture
Recognition Recognition .
Recognition

Knowledge Atmosphere
{Universal, Customized) Understandlng

Situation Inference
By

[ Appropriate Response (e.g., Speech/Voice, Gesture/Posture) ]

[ Audible Information ] Visible/Tactile Information

Figure 3.2. Multimodal Framework for Deep Level Situation Understanding.

The illustration of multi-modal framework for deep level situation understanding
is shown in Figure 3.2. The audible information and visible/tactile information are
obtained by microphones and cameras/tactile sensors. The speech content is recognized
by speech recognition method (e.g., Julius Library [56]). People may express their
emotion in different ways. To estimate the real emotion of a people, the friend-level
knowledge, i.e., customized knowledge of the people, is necessary. The face features and
voice features of normal state is used to train the classifier. Then the real emotion state
of the interlocutor is estimated by the trained classifier. Atmosphere is estimated based
on the emotion state of the agents. Gestures/Postures is recognized by gesture recognition

algorithms [22] from sensors like cameras and accelerometers. The speech contents,
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universal and customized knowledge, emotions, atmospheres, and gestures/postures are

important input for the deep level situation inference.

The inference flowchart of deep level situation understanding is shown in Figure
3.3. The meaning of the interlocutor is analyzed from the verbal information (speech
contents) and the non-verbal information (gestures/postures). Then the intention is
estimated based on the analyzed meaning and knowledge from historical dialogs.
Thoughtfulness is inferred based on the intention and the thoughtfulness knowledge.
Finally with the comprehensive consideration of the current emotion state, atmosphere,
universal and customized agent-dependent knowledge, and thoughtfulness, suitable
response (speech, voice, and gesture/posture) is selected from a lookup table and then the

system output the final reaction. The detail of situation inference is mentioned in 3.4.

Speech Gestures,
Contents Postures

Atmosphere

y

Meaning Interpretation <:'
Intention Estimation ¢ Universal
ﬂ . and
r y - Customized ;
Thoughtfulness Inference <:' Knowledge

< Appropriate Response > C:I

Figure 3.3. The Flowchart of Deep Level Situation Inference.
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3.4 Situation Inference System

This research is a part of the project called "Multi-Agent Fuzzy Atmosfield”,
which is supported by the Japan Ministry of Education, Culture, Sports, Science and
Technology. The project is aimed at realizing human-like natural communication (called
casual communication) among multi-agents (e.g., humans and robots/machines). And the
project also contains several sub research themes, such as research of deep level situation
understanding, atmosphere understanding for human robot interaction, deep level
emotion understanding and so on. This research mainly focus on inferring based on the

text of utterance.
3.4.1 Meaning Interpretation

Verbal and non-verbal communications are two natural ways in humans-robots
communications. The meaning of the non-verbal activities can be recognized directly,
e.g., multimodal gesture recognition system [22], while analyzing the meaning of verbal
information is complicated. The verbal information (i.e., speech) is able to be transferred
into text sentence by means of speech recognition library (e.g., Julius [56] for Japanese

speech recognition).

Dictionary of Dictionary of
Part-of-speech Grammar

U y

Part-of-speech Grammar .
E:> E:} M
[ Detection ] [ Analysis ] caning

Figure 3.4. The Flowchart of Meaning Analysis.
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The flowchart of meaning analysis is shown in Figure 3.4. Firstly, the text of
utterance is divided into words list with part-of-speech tags. The boundary of Japanese

utterance is determined by a conditional random field method [57].

Secondly, a dictionary of grammar is employed to transfer the words list into
meaning string. For example, the utterance “Is there a meeting-room available from 15:00
PM?” is converted to the meaning string, “Query (subject: meeting-room, start-time:

15:00, status: available)”.

After getting the meaning of utterances, it is easy to transfer the meaning string
into a Structured Query Language (SQL) statement and execute on the knowledge

database. The corresponding SQL sentence of previous example may be “Select id from

knowledges where note_type = *meeting-room’ and available_time =’15:00" .

3.4.2 Intention Understanding

The intention of utterances is able to be understood from customized knowledge
data which is extracted from the history data of communications. A general
communication process between agent A and agent B is illustrated in Figure 5. For the
question from agent A, Agent B may reply many kinds of responses (e.g., Response 1,
Response 2 ... Response N). Agent A may intend different intentions with some
frequency for each response of agent B. For example, agent A may purport intention 1,
intention 2, and intention 3 with a frequency of P1, P2, and P3. Suppose P2 and P1 were

the biggest and second biggest among P1, P2, and P3. If the difference between P2 and
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P1 is significantly big, that means agent A purport Intention 2 definitely. Agent B should
response to intention 2 directly. If the difference between P2 and P1 is very small, that
means agent A may purport Intention 1 or intention 2. Agent B may respond to the
question from agent A by “Do you mean intention 2” because P2 is a little bigger than P1.

Then agent B could respond to intention 2 directly when agent A asks this question.

Utterances usually contain some important information, e.g., people usually order
their favorite food more frequently than the others. These kinds of habit information of a
person are some kinds of deep level information which is only known by their friends.

These information may be extracted from the utterances.

Agent B :
[Response 1 I [ Response 2 ]

Figure 3.5. Illustration of Conversation between Agent A and Agent B

People may express one meaning in different utterances. For example, utterance
“are you busy?” or “are you available” have the same meaning “query (subject: you,
status: available)”. The meaning strings of dialogs are stored in the database as the

customized knowledge for inferring the intention of utterance.

An example is shown in Figure 3.6. Agent A asks “Are you busy?” to agent B

which is convert to its meaning string as “query (subject: you, status: available)”. As
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illustrated in the figure, when agent B is busy and replies “Yes”, agent A may response
“sorry to bothering you” .When agent B is available and replies “No”, the frequency of
agent A asks for helping is 90% and the frequency of agent A ask for others is 10%. In
this situation, if agent B is available, then agent B almost definite that agent A intend to
ask for helping. After understanding the intention of agent A, the conversation between

two agents may moves forward smoothly.

Agent A

[ (apologize) ] [Request(action:help)][ Others ]

100% 10%

Figure 3.6. An Example of Communication between Agent A and Agent B.

3.4.3 Thoughtfulness Inference

Thoughtfulness, i.e., showing consideration for others, is a high level intelligent

action of human that is usually performed between familiars.

The thoughtful response is able to be reasoned by the intention and customized
knowledge. Assuming in some company, the TV conference system should be reserved

with the meeting room together when holding a video conference with branch companies.
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If an employee intend to hold a TV conference with branch companies and just reserves
the meeting room, it will be very helpful to remind the user to reserve the TV conference

system with the meeting room together.

Table 3.1. Example of Thoughtfulness Knowledge.

Intention Condition Response
Reserve room No room available at Try to revere at other time
that time
Reserve room The room is not Try to reserve other room
available
Reserve room for Only reserved meeting Reserve the video
remote conference room conference system
Reserve room for Only reserved Reserve the meeting room
remote conference conference system

Thoughtfulness knowledge is a known common knowledge of human. For robots,
thoughtfulness response may be inferred based on the estimated intention and
thoughtfulness knowledgebase. An example of thoughtfulness knowledge is shown in

table 3.1.

After intention estimation and thoughtfulness inference processing, response
string is arranged. The utterance is generated based on grammars. For simple, a database

of responding utterances is used to map the response string into utterance.
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In the conversation between an employee and a secretary-robot, if the employee

just asks “are you busy?”. The secretary guesses that he is intended to reserve meeting-

rooms. If the emotion state of the employee is as usual, the response from the secretary-

robot may be “Are you going to reserve a meeting-room?”. If the employee looks sad and

abnormal, the secretary-robot may response to his latent request (intention) directly by

“Please!”. An example of utterances database is shown in table 3.2.

Table 3.2. An Example of Utterances Database.

Response string

Emotion state of

Response Utterance

interlocutor
confirm(action: Normal Are you going to reserve a
reservation, object: meeting-room?
meeting-room)
confirm(action: Sad Please!
reservation, object:

meeting-room)

3.5 Demonstration Scenario

of “Routine of a Business Man”

To illustrate the applicability of the proposed deep level situation understanding

mechanism, a demonstration scenario, entitled “One day of a businessman”, is established
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to narrate several communication activities among five human (i.e., a businessman, a
manager, a colleague, a new customer and a wife) and five robot (i.e., a secretary-robot,
a colleague robot, a waitress-robot, a therapy-robot and a child robot) in one day. Six
episodes of deep level situation communication are created with comprehensive
consideration of speech content, gesture, emotion, intention, atmosphere, universal
knowledge and customized agent-dependent knowledge, and careful attention function.
In the scenario, the businessman is asked to reserve a meeting room with a secretary-robot
for remote TV meeting. After reported to his boss, he notices that he made a mistake of
reserving meeting schedule. He asks the secretary-robot to help him to change the meeting
schedule. After one day’s hard working, he goes to a small Japanese-style restaurant with
his colleague. Both of the case that a businessman goes to the restaurant as a new customer
and the case that the businessman goes to the restaurant as a regular customer are
demonstrated for comparing the surface level communication and deep level
communication. The communication between the businessman and his wife is narrated in
the last scene 6. The eye robots and the therapy robot PARO are shown in Figure 3.7 and

Figure 3.8.

Figure 3.7. The Eye Robot.
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Figure 3.8. The Therapy Robot: PARO.

The scripts of scenarios are shown in Table 3.3-3.8.

Table 3.3. Scenario of Reserving Meeting Room

Employee: Are you busy?

Secretary: No, would you like to reserve a room?

Employee: Is the meeting room for 10 people vacant at 3 o’clock this Thursday?
Secretary: They are available from 15:30.

Employee: Great! A quiet room is preferable.

Secretary: How about the regular conference room on the 17th floor?

Employee: Sounds good! It’s for a remote conference with the branch office, please
reserve it until 17 o'clock.

Secretary: In addition, I will reserve the video conference system, too.

Employee: Thanks!

Secretary: You’re welcome. Good luck.
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Table 3.4. Scenario of Reporting to Boss.

Employee: Are you busy?
Manager: What’s up?

Employee: | reserved the conference room on Thursday from 15:30 for our meeting with the
branch office.

Manager: Thanks! Is it on Thursday next week?

Employee: Argh! Sorry, | was wrong.

Manager: Again? You’ve made so many mistakes recently!

Employee: My apologies. | will correct it immediately.

(The Manager is leaved)

Manager: Be more careful next time. | am leaving for a meeting now. Do your best.
Employee: Oh, Darn it!

Colleague B: Is it all right? Well, it’s easy to make mistakes on a date.

Employee: Recently, | have not been able to focus on my work as before.
Colleague B: Please be more careful next time. Let’s go to the bar you mentioned after work.
Employee: Is that okay? | still have some data to input.

Colleague A: OK, I'll do it instead. Please take a break later.

Employee: Really? Thank you. I’'m going to reserve the conference room again.
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Table 3.5. Scenario of Changing the Schedule of Reserved Meeting Room.

Employee: Are you busy now?
Secretary: Go ahead!

Employee: Excuse me, can you change the meeting with the branch office
to Thursday next week?

Secretary: Sure! I will check it now.
Employee: Yes, please.

Secretary: For Thursday next week, all the conference rooms on 17th floor
have been scheduled already. How about the 11th floor conference room?

Employee: Great! I feel relieved.

Secretary: I will also update the reservation of the remote conference
system.

Employee: Thank you very much.

Secretary: You're always welcome.

59



Chapter 3: Deep Level Situation Understanding

Table 3.6. Scenario of Entering the Restaurants as a Normal Customer.

Bar Lady: Welcome!

New Customer: Good evening

Lady: Where would you like to sit?

New Customer: There.

Lady: What would you like to order?

New Customer: Errmmm. Grilled fish, please.
Lady: What about the drink?

New Customer: Whisky please.

Lady: Thank you. Please wait for a moment.
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Table 3.7. Scenario of Entering the Restaurants as a Regular Customer.

Employee: Good evening

Bar Lady: Welcome! 2 people, right? Your usual seats, please. Oh. What’s
going on?

Employee: Errrmmmmm, yep.

Lady: Let’s forget the unpleasantness with delicious dishes. Do you want
the usual?

Employee: Yes, thanks!

Lady: Wait for a while, please! Is whisky OK?

Employee: Thank you! Yes, please.

Lady: Peanuts are also served for free.

Employee: Really? That’s wonderful.

Lady: What would you like?

Colleague B: Charge me up please.

Lady: I'll bring your order. Please wait.

Colleague B: Do not worry about today, it'll be OK.

Employee: I've made too many mistakes. I am more stress these days.
Colleague B: It takes time to work well.

Employee: I will work hard.

Colleague B: Well, so much for today, anyway, Cheers!

Employee: Cheers!
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Table 3.8. Scenario of Backing Home.

Employee: I'm home!!

PARO : [Moves because of lighting onl]

Employee: Good evening PARO.

Wife: Welcome home. Did you drink?

Employee: Yup!

Wife: Do you want to take bath or have a cup of tea?
Employee: hmm...

Wife: What happened?

Employee: Well...

Wife: I guess, you made mistakes in the office.
Employee: Yep.

Wife: Everything will be OK if you work harder. Just believe in yourself.
Kid: Welcome home dad. I was waiting for you.
Employee: Really? For playing game together?

Kid: I want to play games with dad!

Employee: It’s already late now. Let’s play tomorrow.
Kid: Hmmm. Dad you’re the best.

Wife: Ichiro-kun, get ready to go to the bed.

Kid: OK.

(Kid goes to sleep.)

Employee: I am tired today.
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Wife: I will prepare the bath for you. Forget your stress. Enjoy and relax!

Employee: Thank you, I will try my best tomorrow.

3.6 Experiment

for Deep Level Situation Understanding

3.6.1 Experiment Setting

A simulation experiment is carried out to evaluate appropriate response of the
proposed deep level situation understanding mechanism. A company scene is taken into
consideration. There is a secretary robot who is supposed to do clerical works such as
booking hotel, reserving meeting room, and TV conference system. One employee
usually enters secretary room for reserving meeting rooms. Assume the secretary robot

has the following knowledge about this employee:

This employee usually comes to the secretary room for some help. When he asks
the secretary “Are you busy?”, the probability of asking to reserve meeting room is 0.9;

the probability of asking for other help is 0.1;

Meeting room and TV conference system should be reserved together for the

purpose of holding remote meetings with the branch company.

In the scenario, the employee enters the secretary room for reserving meeting
room. When he asks “Are you available now”, the secretary is aware of that he is intent

to reserve a meeting room. When the meeting room he wanted is not available at that time,
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the secretary checks the other available time and recommends his favorite to him. When
he tells the secretary, he wants to reserve for a remote conference, the secretary also
reserves the TV conference system because it is necessary for holding a remote
conference. Again, when he looks sad and wants to change the schedule of reserved rooms,
the secretary responds immediately to calm down the employee. When the room he
wanted is not available, the secretary also checks the other rooms instead of responding
as “No available room” directly. Finally, the secretary also change the schedule of the

remote system for the employee.

The experiment system is developed in C++ language. All of the knowledge are
saved to a SQL database. The simulation experiment is carried out in Japanese language.
Mecab [57] is used to detect part-of-speech for Japanese. The utterances of the employee
are used as the input of the proposed inference system. The response of the secretary-
robot is inferred as the output of the proposed inference system. The translated scripts of
reserving a meeting-room is shown in Table 3.9. The translated scripts for changing the

schedule of reserved meeting-room is shown in Table 3.10.

A questionnaire is prepared to evaluate the naturalness of the response inferred
from the system comparing to the response from familiar people. The naturalness can be
rated by 5 grades, i.e., natural, a little natural, normal, a little unnatural, and unnatural.
The confidence of ratting the naturalness is queried by 3 grades, i.e., confident, normal,

and diffident. Part of the questionnaire is shown in Table 3.11.

64



Chapter 3: Deep Level Situation Understanding

Table 3.9. Script of Reserving a Meeting Room.

Employee: Are you available now?

[O1]Secretary-robot: Are you going to reserve a meeting-room?

Employee: Is the meeting room available after 3 PM this Thursday?
[O2]Secretary-robot: It could be reserved after 3:30 PM.

Employee: Great! A quiet meeting room will be better.

[O3]Secretary-robot: Yes, it’s the meeting room on the 17th floor as always.

Employee: Fine. Please reserve it till 5 pm, as we’ll have a meeting with our branch office.
[O4]Secretary-robot: No problem. I’11 also reserve the TV conference system for you.
Employee: Thank you so much!

Secretary-robot: You’re welcome.

Twelve subjects are invited to rate the eight output utterance from the five options,
where “natural”, “a little natural”, “normal”, “a little unnatural”, and “unnatural” are
assigned as 1, 0.75, 0.5, 0.25, and 0 respectively. The confident are taken as weight of
evaluated naturalness, where “confident”, “normal”, and “diffident” are mapped to 1, 0.5,

and 0 respectively.
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Table 3.10. Script of Changing the Schedule of Meeting.

Employee: [looks sad] Are you available now?
[O5] Secretary-robot: Yes, please.

Employee: Sorry, may | change the reservation of the meeting with branch office to next

Thursday?
[O6] Secretary-robot: Got it! I’'m checking the status of meeting room right now.
Employee: Great. Please help to check.

[O7] Secretary-robot: All of the meeting rooms on the 17th floor have been reserved on

next Thursday. How about meeting room on the 11th floor?
Employee: Thanks a lot! You really saved me!

[O8] Secretary-robot: The reservation of the TV conference system also needs to be

changed, right?
Employee: Sure. Thank you as always!

Robot: You’re welcome!
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Table 3.11. Part of the Questionnaire.

One day, the employee enters the secretary room.
Employee: Are you available now?
Secretary-robot: Are you going to reserve a meeting-room?

Based on the background knowledge, The secretary-robot estimates that the
employee is intend to reserve a meeting-room. How do you think of the

response of this secretary-robot?
(D)natural, (2) a little natural, (3) normal, (4) a little unnatural, (5) unnatural
How confident do you answering previous question?

(1)confident, (2) normal, (3) diffident
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3.6.2 Results of Questionnaire Evaluation

Table 3.12. Average Rating of Each Output.

Output Utterance Weighted Average of Naturalness
01 0.84
02 0.83
03 0.74
04 0.96
05 0.65
06 0.83
o7 0.92
08 0.96
Average(AVG) 0.84
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Figure 3.9. Result of Questionnaire Evaluation

The average result of each questions is shown in Table 3.6 and Figure 3.9 where
01, O2... O8 mean outputted utterances marked in Table 3 and Table 4. As shown in the
Figure 7, most of the output are evaluated between “a little natural” and “natural”. Only
two output (O3 and O5) are in between “a little natural” and “normal”. Finally the
weighted average naturalness of the proposed deep level situation understanding in

human-robot interaction achieves 0.84 compared to communication with familiar people
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in casual communication. It is concluded that the proposed deep level situation
understanding may help to accomplish human-level natural communication in casual
human robot interaction. Because of personal differences, some output utterances are
rated lower than others. Since this employee goes to the secretary room for reserving
meeting-room by a probability of 0.9, it could almost definite that the employee is about
to reserve a meeting room when he enters the secretary-room and asks “are you available”.
But some subjects still think that it will be natural to respond by “can I help you”, instead
of “Are you going to reserve a meeting-room”. When the employee looks sad and

abnormal, some think that it will be more natural to ask “what’s up” than “please”.

Naturalness Evaluation of Each Subject

1.00

0.7
0.5
0.2
0.00
S1 S22 S3 sS4 S5 S6 S7 S8 S9

S10 S11 S12 AVG

[65]

o

Naturalness

wv

Each Subject and Average

Figure 3.10. Average Rating of Each Subject.

The evaluating result of each subject is shown in Table 3.13 with its graph

illustration in Figure 3.10 where S1, S2... S12 stand for the twelve subject. As shown in
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Figure 8, ten of the twelve subjects rate the naturalness of utterance between levels of
“natural” and “a little natural” while the rest of subjects just rate it as lower than the level

of “a little natural”.

Table 3.13. Average Rating of Each Subject.

Subjects Weighted Average of Naturalness
S1 0.81
S2 0.92
S3 0.91
S4 0.84
S5 0.91
S6 0.83
S7 0.77
S8 0.84
S9 0.66

S10 0.91
S11 1.00
S12 0.70
Average(AVG) 0.84
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3.7 Chapter Summary

A concept and an inference system of deep level situation understanding are
proposed for casual communications among humans and robots/machines. Twelve
subjects are asked by questionnaire to evaluate the naturalness of the response of the
proposed inference system comparing to the responses from familiar people. The
proposed system achieves a naturalness value of 0.84 which is between the ranks of
“natural (=1.0)” and “a little natural (=0.75)” comparing to communicate with familiar
people. It is concluded that the proposed deep level situation understanding may help to

accomplish human-level natural communication in casual human robot interaction.

Not only surface level understanding (e.g., speech/voice recognition,
gesture/posture recognition), emotion understanding, intention understanding, and
atmosphere understanding but also customized agent-dependent and universal knowledge,
and a thoughtfulness mechanism are considered for smoothing and naturalizing
communication among humans and robots/machines. The proposal can be applied to the
service robot systems to achieve casual communication when interacting with
robots/machines. By considering the customized agent-dependent knowledge in human-
robot communication, it will help robots/machines to understand the usual way in
communication and avoid unnecessary troubles and misunderstandings. With the
comprehensive consideration of speech/voice, gesture/posture, emotion, intention,
atmosphere, and knowledge (including universal and customized knowledge), the
proposal will smooth the communication among humans and robots/machines as well as
create a peaceful, pleasant, and prosperous society consisting of humans and various

specification robots.
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Chapter 4

Conclusions

4.1 Summary of This Thesis

This thesis has presented the concept and inference system of deep level situation

understanding for casual communication between human and robot.

In chapter 2, a surface level understanding method, i.e., Choquet integral
multimodal gesture recognition method, is proposed for non-verbal casual
communication between human and robot. In the Mascot Robot System, there are eight
kinds of gestures such as "toast”, "throw dart", "victory ", "banzai ", "squatting with hands
over the head", "face covering”, "guiding” ,and "bye-bye". The proposed multimodal
gesture recognition system contains two gesture recognition units which are the camera
based recognition unit and accelerometers based recognition unit. First, temporal

sequence data in each unit are extracted, and the gesture similarities are computed by
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AMSS algorithm. And then the similarities calculated form both unit are fused by
Choquet integral. The gesture which has the biggest fused similarity are outputted as the

final recognized gestures.

To demonstrate the validity, the proposed multimodal gesture recognition
method is confirmed by using the gestures from the Mascot Robot System research
project with a web cameras and two wearable 3D acceleration sensors. The gesture
recognition system achieves the highest recognition rate in the 8 types of gestures. More
than 96.0% of gestures are recognized as for all types of gestures, which show the
proposed multimodal gesture recognition method advances to the recognition methods
based on single sensor. To achieve near 100% accuracy, several improvement is
necessary. Firstly, the sensor should be robust to the environment. Sensors like
accelerometer and depth camera may be better. Secondly, the recognizer should be
powerful enough (e.g., Weighted dynamic time warping [58]). Thirdly, as shown in the

experiments, the multimodal system can help to improve the accurate greatly.

In chapter 3, a concept and an inference system of deep level situation
understanding are proposed for casual communications among humans and
robots/machines. Five parameter is necessary for situation inference. The first parameter
is speech content of the interlocutor which may be recognized by speech recognition
method (e.g., Julius for Japanese speech recognition). Special knowledge of the
interlocutor, e.g., normal emotion state, favorite foods, habits, is considered as the second
parameter. People may express their emotion in different ways. To estimate the real
emotion of a people, the friend-level knowledge, i.e., customized knowledge of the people,
is also necessary. The face features and voice features of normal state is used to train the

classifier. The third parameter is the real emotion state of the interlocutor which may be
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estimated by the trained classifier. Atmospheres estimated from the emotion changing of
the agents is considered as the forth parameter. The fifth parameter is the
gestures/postures of the interlocutor which may be recognized by gesture recognition
algorithms from sensors like cameras and accelerometers. These fifth parameters, i.e.,
speech contents, universal and customized knowledge, emotions, atmospheres, and
gestures/postures are important parameters for the situation inference system. The
meaning of the speech content can be analyzed based on the part-of-speech dictionary
and grammar dictionary. The intention of this utterance may be estimated based on the
historical dialogs. Thoughtful inference may be done based on the intention of the
interlocutor. Finally, the appropriate response in this situation is outputted to the

interlocutor.

Twelve subjects are asked by questionnaire to evaluate the naturalness of the
response of the proposed inference system comparing to the responses from familiar
people. The proposed system achieves a naturalness value of 0.84 which is between the
ranks of “natural (=1.0)” and “a little natural (=0.75)” comparing to communicate with
familiar people. It is concluded that the proposed deep level situation understanding may

help to accomplish human-level natural communication in casual human robot interaction.

Not only surface level understanding (e.g., speech/voice recognition,
gesture/posture recognition), emotion understanding, intention understanding, and
atmosphere understanding but also customized agent-dependent and universal knowledge,
and a thoughtfulness mechanism are considered for smoothing and naturalizing
communication among humans and robots/machines. The proposal can be applied to the
service robot systems to achieve casual communication when interacting with

robots/machines. By considering the customized agent-dependent knowledge in human-
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robot communication, it will help robots/machines to understand the usual way in
communication and avoid unnecessary troubles and misunderstandings. With the
comprehensive consideration of speech/voice, gesture/posture, emotion, intention,
atmosphere, and knowledge (including universal and customized knowledge), the
proposal will smooth the communication among humans and robots/machines as well as
create a peaceful, pleasant, and prosperous society consisting of humans and various

specification robots.

4.2 Potential Applications

With the development of hardware technologies (e.g. ARM chips) and software
technologies (e.g., Android system [59]), more and more equipment are capable of
processing the intelligent information. Understanding the real emotion, intention becomes

important for equipment such as service robot, car robot, and domestic robot.

4.2.1 Service Robot System

In the restaurant, regular customers may have special habits such as ordering the
same food and drinks, sitting on the same tables. Remembering these kinds of special
knowledge of this regular customer is important for service robots to improve the service

qualities.

Understanding customer’s real emotion state is also important for service robot.
Because customers may order different food in different way when they are in different
emotion state (e.g., angry or sad). Different people may express their emotions in different

ways. Most people usually keep calms. Then keep silent may be the normal state of these
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people. When they become smiling, it means they are in the emotion state of happy. While
some other peoples may keep smiling all-day. For these people, smiling is their normal
state. When they become calm, it may mean they get angry. Understanding the real
emotion of customers may avoid communication troubles and smooth communication

between the human and robot.
4.2.2 In-Car System

The in-car system has been rapid progressed in recent years. More and more
sensors has been embedded in the car system. Embedded system based on Android system
are also used as in-car system [60] [61], The Windows Embedded Automotive system
[62] enable speech communication and eye tracking via microphone and camera. Some

key function of the in-car system is addressed in [63] as follows:
® Handling phones

Driving is a hands-busy activities. The in-car speech recognition system enable
voice dialing by name or numbers. The incoming calls can also be announced by
telephone number or names. Most of the system also detect the incoming mobile

messages and read it for the drivers.
® Media Players

The in-car speech recognition system is able to recognize the title, artist and so

on. Besides, playing media from the prepared play list to comfort the drivers.

® Navigation
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Global Positioning System (GPS) sensor has been integrated in the car system
for many years. Recognizing the destination in voice and guiding the drivers to the right

road via the electric map and GPS sensors may facilitate the drivers.
® Inform information

Collecting the information about traffic, stocks, news, and weather has become
very easy via internet. Inform information about weather and traffic may insure the safety

of drivers and comfort the drivers.
® Business Information

The in-car system may also embedded functions like recording the schedule of
meetings, place of the meetings. When the driver forget the meeting, reminding of the

meeting is also important.

The in-car system has been more and more multifunction. Drivers may have
various needs depending on the emotion state and intentions. Understanding the real
emotion and real intention of drivers become necessary for the in-car system. For example
if the driver gets angry when driving, playing the favorite music of the driver may calm
the driver and insure the safety of the driver. When the driver is going to attend some
meeting, checking the weather and traffic information may let the driver feel comfortable.
When the driver looks abnormal, talking some interesting things or changing to some

interesting topic may heal the driver.

The real emotion of the driver may be estimated based on the customized
knowledge of this driver. The real intention may be inference by the historical dialogue
data. The thoughtfulness knowledge should be established on ahead. By comprehensively

considering the utterance, the real emotion state, real intention and special knowledge of
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the driver, the proposed system may inference appreciate response to the driver so that
the proposal could smooth communications between driver and in-car system. This will
help to achieve human-human level casual communication between driver and in-car
system and finally contribute to realize a peaceful, harmonious, and prosperous society

for robots and humans.
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