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Abstract - Bearing-only SLAM is the process of building 
a map for unknown environments and localizing a robot 
relative to this map simultaneously using only a mono 
camera mounted on the robot. For bearing-only SLAM, 
landmarks should be continuously observed. If the robot 
fails to track the features, pose estimation of the robot 
becomes inaccurate. Most existing algorithms for 
bearing-only SLAM use corners or lines as landmarks, but 
they are hard to track continuously because they are not 
robust to the difference in the distance between the robot 
and landmarks while the robot moves. In this paper, 
bearing-only SLAM in indoor environments using the 
relative orientation of an object recognition based on the 
SIFT (Scale Invariant Feature Transform) algorithm is 
proposed. Experimental results show that the estimated 
robot pose is accurate enough to be used for building an 
accurate map.  
 
Keywords - Mobile robot, Bearing-only SLAM, SIFT, 
EKF (extended Kalman filter). 

 

1. Introduction 
 

Using a SLAM (Simultaneous Localization and 
Mapping) technique, a mobile robot can build a map with 
on-board sensors in the unknown environment while it is 
localizing itself relative to the partially built map. SLAM 
is one of the most fundamental and challenging issues in 
the field of mobile robotics and much research has been 
done for the last two decades. 

An encoder, which is the most basic sensor for a mobile 
robot, is rather inaccurate because of the misalignment of 
wheels and the wheel slippage on the ground. Since the 
odometric error accumulates as the robot moves, it is 
difficult to estimate the accurate robot pose only with this 
sensor. Therefore, other types of sensors such as a range 
sensor and a vision sensor are employed together with the 
encoder so as to compensate for the pose error caused by 
the encoder. The information from a range sensor can be 
easily processed to extract the features, but these features 
are usually limited to lines and corners. On the other hand, 
a vision sensor can provide much more information than a 
range sensor, but more complicated process is required to 
extract the features. In recent years, therefore, most 

research on SLAM has been conducted using vision 
sensors. 

Most existing SLAM algorithms use the range and 
bearing information of the landmarks in the environment. 
In order to get the range of a landmark with a vision sensor, 
we use either the stereo vision sensor or the mono vision 
sensor together with range sensors. But in the bearing-only 
SLAM, a single mono camera can be used because only 
relative orientations of landmarks from the robot are used 
for SLAM. 

Most bearing-only SLAM schemes employ EFK 
(extended Kalman filter) to estimate the robot pose [1, 2], 
and use line features [3] or corner features [4-6] in the 
environments as a natural landmark. Although line 
features exist widely in indoor environments, but they are 
easily affected by several external sources such as image 
noise and scale change. Therefore, it is not easy to extract 
the line features in a robust fashion in real environments. 

Indoor environments usually possess more corner 
features than line features, and corners are easier to extract. 
Davison implemented the real-time bearing-only SLAM 
using corner extraction with a wearable camera [5]. In this 
research motion of the camera was predicted by the 
corners extracted from the camera images of the camera, 
which was the only sensor used for measurement. In order 
to estimate the human pose in real-time, the processing 
time of extracting corners must be faster than the motion 
speed of the camera, thus requiring fast image processing. 

Consistent tracking of the feature is an important factor 
for the accuracy of localization in the bearing-only SLAM. 
However, continuous estimation of the robot pose 
becomes difficult when the lines or corners are used, 
because they are not robust to changes in scale and 
rotation.  

To cope with the above problems, the bearing-only 
SLAM using the center points of objects which are 
extracted by using the SIFT (Scale Invariant Feature 
Transform) features is conducted in this paper. It is 
possible to keep track of the same feature more 
consistently than the corners because the SIFT features are 
robust to changes in scale and rotation. Furthermore, the 
robot can be controlled to move in front of the target 
objects because the robot has the information of the 
objects. However, the process of extracting the SIFT 
features requires long computation time. In case of using 
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only a vision sensor [5], the computing time for extracting 
the landmarks has a great impact on the performance of 
SLAM. However, many types of feature extraction 
methods can be employed in conducting SLAM of a 
mobile robot because the robot motion and thus the 
landmark position can be predicted roughly by the 
encoders while recognizing objects. 

To decrease the uncertainty of the feature, the robot 
observes the feature from various angles, which requires 
much computation time. To reduce this computation time, 
the particle filter based feature initialization method was 
adopted in this paper.  

The remainder of this paper is organized as follows. 
Section 2 introduces object recognition using the SIFT 
method. Section 3 presents the application procedure of 
EKF (Extended Kalman Filter) based bearing only SLAM 
using the SIFT-based object recognition for feature 
extraction. Section 4 describes how to initialize landmarks 
using a particle filter. Finally, section 5 and 6 present 
experimental results and conclusions. 
 

2. SIFT 
 

SIFT (Scale Invariant Feature Transform) is one of the 
image recognition methods used to extract the feature 
points which are invariant to the image scaling, rotation 
and viewpoint. A BBF (Best-Bin First) algorithm [7] is 
used in the matching process between the extracted feature 
points and the feature points stored in the database. A brief 
introduction to these algorithms will be given below. 
 

2.1 SIFT 
 

Scale-space extrema detection: A Gaussian pyramid is 
created with respect to the input image, and the point 
which has a maximum or minimum value is found by a 
difference-of-Gaussian function.  

Extraction of stable keypoints: To extract stable 
keypoints, the Taylor series expansion is used to remove 
unstable points. The unstable keypoints along the object 
edges are eliminated by the Harris corner detector.   

Extraction of dominant keypoints: A dominant direction 
with respect to each keypoint is obtained. The orientation 
histogram quantizes 360 degrees of orientation into 36 
intervals. The peaks in the histogram are selected as the 
dominant directions of the keypoints. Any other local 
peaks which are within 80% of the highest peak are also 
used to create the dominant direction of a keypoint. 
Extracted dominant directions are robust to 2D rotation of 
images, but 2D rotation of the camera image does not 
occur because only the yawing motion exists in navigation 
of a mobile robot. Thus, the process which makes 
keypoints robust to the 2D rotation is excluded to 
minimize the processing time.   

Keypoint descriptor: Orientation of 360 degrees is 
quantized into 8 units with the keypoint as a center. SIFT 
divides the area, in which the feature vector is extracted, 
into the 4 x 4 local regions and creates an angle histogram 
of 8 discrete orientations for each region. Thus, each 
keypoint possesses a feature vector with 128 elements. 
This vector is normalized to be robust to illumination 

change and then renormalized by holding the values to be 
no larger than 0.2.  

BBF (Best-Bin-First) Priority queue is adopted in BBF 
to make up for the weak points of the KD-tree method and 
improve its processing time. The keypoint matching of the 
KD-tree tends to become less accurate as the number of 
vector elements increases. Since this number is 128 in 
SIFT, the matching results based on the KD-tree scheme is 
relatively inaccurate. The accuracy and processing time 
for keypoint matching can be improved by using priority 
queue which detects the nodes close to the feature vectors. 
 

2.2 Extraction of Center Point  
 

Since a number of keypoints usually exist in an object, a 
representative point is needed to compute the relative 
distance and angle from the robot. For this purpose, the 
center point of an object is extracted. The center point 
should be extracted accurately to reduce the localization 
error. Therefore, the affine transformation is employed to 
represent the geometrical relation between the recognized 
object and stored object in the database. 
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where the vector [xi, yi]T is the keypoint stored in the 
database, and [ui, vi]T is the keypoint extracted in the 
current image. The vector [tx, ty]T represents the translation 
and mi (i = 1, .., 4) are the parameters of the affine 
transform associated with the 3D rotation. These 6 
parameters describe the geometrical relation between the 
recognized object and the object stored in the database. 
 

  
Fig. 1.  Example of affine transformation 

 
For example, for given 3 pairs of (xi, yi) and (ui, vi) shown 
in Fig. 1, the 6 parameters can be obtained by solving the 
following equation. 
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Once the parameters are extracted, the center point (uc, 

vc) of the recognized object can be computed from the 
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center point (xc, yc) of the object stored in the database by 
Eq. (1). If the number of matched keypoints is more than 3, 
the parameters are computed by using the pseudo inverse 
of A as follows: 
 

bAAAp TT 1][ −=                                                             (3) 
 

3. Bearing-only SLAM 
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Fig. 2.  Robot and landmark in the environment. 
 

The EKF (Extended Kalman Filter) algorithm is 
adopted to handle nonlinearities involved in the robot 
motion. The following state vector is defined. 
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where T

rrrr yx ],,[ θ=X  represents the robot pose and 
T

LLL iii
yx ],[=X  denotes the i-th landmark, where N is 

the number of landmarks.  
The EKF algorithm based on Bayes filtering [8] consists 

of the prediction stage and update stage. At the prediction 
stage, the state vector kX̂ and its covariance matrix kP at 
time k are calculated from those at time k-1 and the 
encoder reading uk as follows: 
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where Q represents the covariance matrix of the process 
noise, Fx and Fu are the Jacobian matrix of the nonlinear 
function f with respect to the state and input, respectively. 
Note that the superscript “-”  indicates the state before the 
measurement at time k is taken. 

If the robot observes a feature, it compares this feature 
to the features in the state vector X. If it turns out to be a 
new feature, the feature initialization process starts. If it is 
found to be one of the existing features, EKF conducts the 
update stage. The bearing of a landmark predicted on the 
sensor frame can be obtained by the following sensor 
model based on the system state. 
 

)ˆ(ˆ −= kk h XZ                                                                    (8) 
 
where h represents the sensor model used in this paper. 
The sensor model performs the transform from the world 
frame to the robot frame with respect to the feature 
information to compare the actual observations. The 
sensor model for all the landmarks is expressed by  
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At the update stage, the state vector and its covariance 

matrix P at time k are updated as follows:  
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where K represents the Kalman gain matrix, and H and V 
are the Jacobian matrices of the sensor model with respect 
to the state vector and the sensor noise, respectively. If 
none of landmarks are matched, the uncertainties of 
landmarks are kept unchanged.  
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In this case, only the robot pose is calculated by the motion 
model and the uncertainty of the robot pose increases. 
 

4. Landmark Initialization 
 

When a newly observed feature is registered as a new 
landmark, it takes too much time to estimate the accurate 
pose of a landmark because the initial uncertainty of the 
landmark is very large. Thus a particle filter is adopted to 
minimize the time to determine the variance of uncertainty 
of the landmark. If a new landmark is observed, samples 
are drawn in a region corresponding to the error range of 
observation with the direction of the observation as an axis, 
as depicted in Fig. 3(a). In this paper, the maximum 
distance between the robot and the objects is assumed to 
be 7m and 1,000 samples are used. 
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(a) (b)  
 

Fig. 3.  Landmark initialization using particle filter: (a) 
sample distribution, and (b) registration of 
landmark after convergence of samples. 

 
Uncertainty of a landmark decreases as the robot 

observes the same landmark from different angles while 
the robot is moving. Since the landmark is assumed to be 
stationary, its motion model is not considered and only the 
sensor model for the landmark is used, as shown in Fig. 4. 
As the robot moves, the initially distributed samples 
converge according to the probability of samples used in 
the particle filter. The sensor model used in this paper is  
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where w is the importance factor multiplied by the 
probability of each sample. The angles θsample and θerror 
represent the relative angle of the sample and the error of 
the relative angle observed by the camera, respectively. 
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Fig. 4.  Sensor model used in the particle filter. 

 
If the variance of the sample pose goes below the 

predetermined threshold, then the feature initialization 
process is completed and the feature is registered to a new 
feature used for localization of a robot. The mean and 
variance of a sample becomes those of the landmark. The 
landmark whose uncertainty decreases to a certain level is 
registered at the prediction stage of EKF as follows: 

 

( ) T

newLnewL
T

oldnew yx ⎥⎦
⎤

⎢⎣
⎡= −−

,,
ˆˆ XX                              (18) 

⎥
⎥
⎦

⎤

⎢
⎢
⎣

⎡
=

−
−

newL

old
new

,0
0

P
P

P                                                   (19) 

 
5. Experiments 

 
Various experiments have been conducted with the 

robot equipped with an IR scanner (Hokuyo PBS-03JN) 
and a mono camera (Logitech Quickcam with a field of 
view of 60°). The camera image was converted into black 
and white image with 320 x 240 pixels. The experimental 
environment was constructed to mimic the living room of 
8m x 10m in size with several pieces of furniture, as shown 
in Fig. 5(a). The environment was modeled by cells of 
10cm x 10cm. Fig. 5(b) represents visual objects used as 
visual landmarks. The grid map resulting from the 
proposed algorithm was created by the IR scanner and 
only the data less than 3m are used because the data 
exceeding 3m are found to be incorrect.  

In the first experiment, as shown in Fig. 6, a map was 
generated only by the odometry information. During the 3 
laps, the map was rotated about 80° when compared with 
the Fig. 6(a) because of the inherent encoder error mainly 
due to the slippage between the robot and the floor. 
 

 
 

Fig. 5.  (a) Experimental environment, and (b) visual 
objects stored in the database. 
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Fig. 6.  Map building process only based on the 
odometry information. 

 

 
 

Fig. 7.  Scale-invariant properties of SIFT-based object 
recognition. 

 
The next experiment used the SIFT-based object 

recognition to compensate for the odometric error. The 
recognized objects were consistently tracked regardless of 
its scale change, as shown in Fig. 7. 

Figure 8 shows the result of bearing-only SLAM using 
the center points of visual objects recognized by SIFT 
features. A solid line represents the path of the estimated 
robot and a dashed line represents the path generated by 
the encoder. The blue circles represent the mean value of 
the uncertainty ellipses. Compared with the actual 
positions, the accuracy of the estimated landmark 
positions can be determined. The robot tracked the 
landmarks stably and the covariance of the landmarks was 
reduced well. When the robot observed the previous 
landmarks, its pose was corrected accurately. This could 
be confirmed by the grid map which was constructed 
during navigation and was not distorted. 

The complexity of the update in EKF is of order N2, 
where N is the number of landmarks registered in EKF. If 
the number of landmarks exceeds 100, the EKF update 
time begins to grow rapidly [5]. The number of landmarks 
was 12 in this experiment, and it took 1ms in EKF for the 
update of the landmarks. 

 

(c) (d)

(e)

(a) (b)

1m

 
 

Fig. 8.  The experimental result: (a)-(c) a map generated 
during the first lap, (d) initializing process of a new 
landmark, and (e) the final result. 

 
6. Conclusions 

 
This paper proposed the bearing-only SLAM algorithm 

using a mono camera and bearings from the SIFT-based 
visual object recognition. A particle filter was used for fast 
landmark initialization and EKF was used to fuse the 
encoder and the visual information and estimate the robot 
pose and the landmark positions. The validity of the 
proposed SLAM method investigated by various 
experiments, and the following conclusions were drawn. 
 
1. In mobile robot navigation, the landmark was tracked 

consistently regardless of scale change, and the 
uncertainty of the landmarks was reduced greatly by 
using the object recognition based on SIFT. Thus, the 
robot pose was estimated accurately. 

 
2. Usually, the computational load of the EKF increases 

rapidly when the number of landmarks exceeds 100. 
Since the number of visual objects in indoor 
environments is limited, the proposed algorithm can be 
applied to indoor navigation in real-time.  

 
 

348



The 3rd International Conference on Ubiquitous Robots and Ambient Intelligence (URAI 2006) 
 

Acknowledgements 
 

This research was performed for the Intelligent Robotics 
Development Program, one of the 21st Century Frontier 
R&D Programs funded by the Ministry of Commerce, 
Industry and Energy of Korea. 
 

References 
 
[1] A. Costa, G. Kantor, and H. Choset, “Bearing-only 

Landmark Initialization with Unknown Data 
Association,” Proc. of IEEE Int. Conf. on Robotics & 
Automation, pp. 1764-1770, 2004. 

[2] G. Fang, G. Dissanayake, N. M. Kwok and S. Huang, 
“Near Minimum Time Path Planning for 
Bearing-Only Localisation and Mapping,” 
Proceedings of IEEE/RSJ Int. Conf. on Intelligent 
Robots and Systems, 2005. 

[3] N. M. Kwok and G. Dissanayake, “An Efficient 
Multiple Hypothesis Filter for Bearing-Only SLAM,” 
Proc. of IEEE/RSJ Int. Conf. on Intelligent Robots and 
Systems, pp. 736-741, 2004. 

[4] T. Lemaire, S. Lacroix and J. Sola, “A practical 3D 
Bearing-Only SLAM algorithm,” Proc. of IEEE/RSJ 
Int. Conf. on Intelligent Robots and Systems, 2005. 

[5] A. Davison, “Real-time simultaneous localisation and 
mapping with a single camera,” Proc. of the ninth Int. 
Conf. on Computer Vision, 2003. 

[6] J. Montiel and A. Davison, “A Visual Compass based 
on SLAM,” Proc. of the IEEE Int. Conf. on Robotics 
and Automation, 2006. 

[7] David. G. Lowe, “Distinctive image features from scale 
invariant keypoints,” Int. Journal of Computer Vision, 
vol. 60, no 2, pp. 91-110, 2004. 

[8] S. Thrun, W. Burgard and D. Fox, “Probability 
Robotics,” MIT Press, 2005. 

 
 

349


	Main
	Foreword
	Committee Members
	Table of contents
	Plenary Talk
	COGNITIVE ROBOT COMPANIONS FOR SMART ENVIRONMENTS
	How deep can machines feel the human body?

	Invited Talk
	Dynamic Model of an Aritificial Muscle Actuator for Biomimetic Underwater Propulsor Applications
	Steps Toward an Ecology of Physically Embedded Intelligent Systems
	Robust Real-Time Vision Modules for a Personal Service Robot
	Earthbound Robotic Astrobiology: First Experiments

	Oral Session
	MA1 : Humanoid Robots
	MA1-1 Biomimetic Landing Controller for Articulated Hopping Robot 
	MA1-2 Adaptation in Bipedal Locomotion Using Phase Oscillator Networks 
	MA1-3 A study of Design for Quadruped Walking Robot Based on Biologically Inspired Approach 
	MA1-4 Learning Locomotion: Control of a quadruped over rough terrain 
	MA1-5 Analytical Walking Pattern Generation Method for Humanoid Robots using Cubic Polynomials 
	MA1-6 Feasibility of Humanoid Application for Wheelchair User Support 

	MA2 : Network-based Robotics
	MA2-1 Robotic Sensor Deployment for Sensor Network Construction Using Power Models of Multi-robots 
	MA2-2 A Controller Design of a Tethered-Robot Guiding System 
	MA2-3 Ubiquitous environment provides services for Network-based humanoids using a flexible distributed framework 
	MA2-4 UPnP Robot Middleware for Ubiquitous Robot Control 
	MA2-5 Heterogeneous Network Middleware for a Personal Robot 
	MA2-6 Orientation Estimation of a Mobile Robot with a Single Ultrasonic Receiver in RFID Sensor Space 

	MP1 : Actuators
	MP1-1 (Invited) Dynamic Model of an Aritificial Muscle Actuator for Biomimetic Underwater Propulsor Applications 
	MP1-2 A Stacked-type Electrostatic Actuator and Measurement of its Energy Efficiency 
	MP1-3 Electro-active paper actuators for bio-robot application: Electric field frequency
	MP1-4 Simulation of Spring Characteristic of A New Stacked-type Electrostatic Actuator 
	MP1-5 A Biomimetic Flapping System Actuated by Lightweight Piezo-Composite Actuator 

	MP2 : Environment Modeling
	MP2-1 (Invited) Steps Toward an Ecology of Physically Embedded Intelligent Systems                          
	MP2-2 Preliminary Study on the Environment Map for Mobile Robots                                            
	MP2-3 A novel map building solution under deficiencies of the 2D-laser range finder                         
	MP2-4 Robot Town Project: Supporting Robots in an Environment with Its Structured Information               
	MP2-5 Environment data collection and its use for robot teleoperation                                       

	ME1 : Vision                                                                                                
	ME1-1 (Invited) Robust Real-Time Vision Modules for a Personal Service Robot                                
	ME1-2 Adaptive Background Mixture Model in Improved HLS Color Space?                                        
	ME1-3 User Adaptation in Korean Sign Language Recognition                                                   
	ME1-4 Automatic Facial Feature Localization by Elastic Bunch Graph Matching with Optimized Gabor Parameters 
	ME1-5 Multi-Functional Robot with Distributed Module based on Ubiquitous Robotics                           

	ME2 : Ubiquitous Space                                                                                      
	ME2-1 RSS Based Routing Enhancement in Ad Hoc Sensor Networks                                               
	ME2-2 Dynamic Integration of Ubiquitous Robotic Systems using Ontologies and the RT Middleware              
	ME2-3 Development of Ubiquitous Robotic Space for Networked Robot                                           
	ME2-4 Automated Integration of Service Robots into Ubiquitous Environments                                  
	ME2-5 Efficient Monitoring by Robot and Intelligent Tag Collaboration                                       
	ME2-6 Wireless Localization Network for a Ubiquitous Robotic Space: Background and Concept                  

	TA1 : Human-Robot Interaction                                                                               
	TA1-1 Human-Robot Interaction based on Context Awareness considering Various Situation                      
	TA1-2 Research on Virtual URS and Its Service on Mobile Phone                                               
	TA1-3 A Human-Robot Emotional Interaction Experiment through an OX Quiz Game between Human and Robot        
	TA1-4 Human Modeling for Human Behavior Recognition                                                         
	TA1-5 Age Classification for Home-Robot Services                                                            
	TA1-6 Impedance Learning Strategy for Open-Door Task    

	TA2 : Sensors for Navigation
	TA2-1 RFID Based Target Acquisition and Docking System for Indoor Mobile Robots 
	TA2-3 Applying the RFID Technology for the u-RT Space with Ambient Intelligence 
	TA2-4 Implementation of Autonomous Navigation System based on Open System Architecture 
	TA2-5 Filtering out Specular Reflections of Sonar Sensor Readings 
	TA2-6 Tracking and Counting Humans with Multiple Laser Range Scanners 

	TP1 : Intelligence and Learning
	TP1-2 Context Knowledge Management in Pervasive Computing 
	TP1-3 Ontology-based User Context Modeling for Ubiquitous Robots 
	TP1-4 Design of a Probabilistic Fuzzy Rule-based Learning System for Effective Intention Reading in Human-Machine Interaction 
	TP1-5 Effect of Variable Initial State Error in Average Operator-based Iterative Learning Control 
	TP1-6 CCSLR - a Common Command-Scripting Language for network-based Robots 

	TP2 : Robotic Mechanisms and Design
	TP2-1 (Invited) Earthbound Robotic Astrobiology: First Experiments 
	TP2-2 Isotropic Configurations of a Caster Wheeled Mobile Robot with Steering Link Offset Different from Wheel Radius 
	TP2-3 Biologically Inspired Locomotion Strategies: Novel Ground Mobile Robots at RoMeLa 
	TP2-4 Operation of a Mobile Robot by Steering a Rope 
	TP2-5 A Dual-Flight Mode MAV for Search and Rescue in Near-Earth Environments 

	TE1 : Navigation Algorithms
	TE1-1 Collision-free Path Planning for a Car Parking Problem 
	TE1-2 Experimental Results on the Performance of the Practical Path 
	TE1-3 A novel path planning method considering crowdedness 
	TE1-4 Mobile Robot Path Planner for Environment Exploration 
	TE1-5 Bearing-only SLAM using SIFT-based Object Recognition in Indoor Environments 


	Poster Session
	P01 : Poster (Sound, Vision, Sensors and Actuators, Humanoid Robots)
	PO1-1 Multimodal Sound Source Localization for Intelligent Service Robot 
	PO1-2 Sound Source Localization Using Dual Microphones Array 
	PO1-3 Text-Independent Speaker Recognition for Ubiquitous Robot Companion 
	PO1-4 Mean Shift Based Object Tracking with New Feature Representation 
	PO1-5 Human Following Based on Fuzzy Theory using Single Camera 
	PO1-6 Ridge Regressive Bilinear Model for Robust Face Recognition 
	PO1-7 A novel technique for sky and ground segmentation in natural images 
	PO1-8 Development of Polymer-based Flexible Tactile Sensing Module Integrated with Sensing Elements and Pluggable Terminals Con
	PO1-9 CMOS based silicon tactile senor array for finger-mounted applications 
	PO1-10 Development of Ultrasonic Sensors with Asymmetric Beam Directivity for a Mobile Robot 
	PO1-11 Estimation of Angular Velocity by Using Low-cost Acceleration Sensor 
	PO1-13 Behavior Management for Humanoid Robot under Divided Attention 
	PO1-14 Robot Personality from Perceptual Behavior Engine : An Experimental Study 

	P02 : Poster (Navigation, HRI, Intelligence and learning)
	PO2-1 Exploiting the visibility information toward dependable navigation 
	PO2-2 Error Detection and Recovery Framework for Dependable Navigation 
	PO2-3 Sonar Map Construction for a Mobile Robot Using a Tethered-Robot Guiding System 
	PO2-4 Mobile Robot Global Localization Based on Object Entity with Stereo Camera 
	PO2-5 Improved active beacon system using Multi-Modulation and Unscented Kalman Filter for Indoor Localization 
	PO2-6 Localization Method with 2 Beacons for Intelligent Robot 
	PO2-7 An Embedded Localization Sensor Based on IR Landmark for Indoor Mobile Robot 
	PO2-8 Recognizing Human Touching Behaviors using Neural Networks in Human-Robot Interaction 
	PO2-9 Multiview Head Tracking for a Specific Person on the Mobile Robot 
	PO2-10 The Design of a Multi-domain Dialogue System Based on a Form-based Model and Statistical Classification Techniques 
	PO2-11 Design of Robot Knowledge Management System: OWL-aware Relational Model Approach 
	PO2-12 An Interactive Approach and Implementation for Multi-agent Motion Planning 
	PO2-13 A Tethering System Design for Mobile Robot 
	PO2-14 Robust Impedance Control using Disturbance Observer for Robot Manpulator 


	Search This CD-Rom
	CD-ROM Help
	Exit

