
 
 

 

  

Abstract— In order to navigate in the real environment, lots of 
navigation techniques are required, such as mapping, 
localization, path planning, obstacle avoidance, and so on. The 
performance of these techniques can be influenced by the sensing 
ability and the algorithm. In this research, both range and vision 
sensors were used together to improve the sensing ability limited 
by sensor types, and three essential and important tasks were 
studied with these sensors. First, SLAM (Simultaneous 
Localization And Mapping) was investigated to build a map for 
unknown environments. Two types of features, the lines 
extracted from the range data and the objects recognized using 
the visual information, were exploited to improve the robustness 
of SLAM and the utility of the map. This SLAM could generate 
the grid map on which the positions of the recognized objects 
were registered. Second, localization, one of the most important 
tasks for a mobile robot, was studied. The map built by SLAM 
was used and the important problem was how to estimate the 
robot pose with fusion of the range information and the object 
information which were frequently and slowly updated 
respectively. In order to synchronize the two sensors with 
different bandwidths, the encoder information gathered during 
object recognition was exploited, and therefore the proposed 
localization algorithm could estimate the robot pose reasonably 
well. Finally, the object detection method was developed to avoid 
and interact with some objects, such as a table and a chair, which 
were very difficult to recognize using only a range sensor. In the 
proposed scheme, a robot detects the candidates for legs using 
the range data, generates many possible candidates for object 
pose (position and orientation) using the model information, and 
selects the best candidate by evaluating all candidates using 
visual information. The detected objects could then be mapped 
and exploited during navigation. Various experiments in the real 
environment showed the proposed schemes were effective in map 
building, localization and object detection with both range and 
vision sensors.  

Index Terms— Mapping, Localization, SLAM, Object 
Detection. 

I. INTRODUCTION 
order to navigate in the real environment, several navigation 
techniques are required, such as mapping, localization, path 

planning, obstacle avoidance, and so on. Almost all 
techniques are based on the robot’s perception. For example, a 
robot maps the perceived environment, estimates its pose 
using the sensed environment, and plans the path which 
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detours around the recognized obstacle. Therefore, perception 
is the most basic and important ability. 

Three factors can influence the performance of perception; 
the sensing ability, the type of obstacles or environment, and 
the perception scheme. The sensing ability is limited by the 
sensor type. For example, a laser scanner offers very accurate 
and long-range data, but a sonar sensor gives less accurate and 
shorter range data than a laser scanner. The type of obstacles 
and the sensing ability are also closely related. For example, a 
range scanner can sense 2D obstacles, whereas a stereo vision 
sensor can sense 3D obstacles. These two factors, sensing 
ability and obstacle types, are related to the hardware and 
environment and not easy to deal with. Therefore, the 
perception scheme, or algorithm is important and should be 
improved to overcome the limitations of the sensing ability 
and type of obstacles. 

Mapping, localization, and object detection are the most 
important and essential abilities for mobile robot navigation. 
These algorithms use the perception results, and in this 
research, both range and vision sensors are exploited to 
improve their performance. The first issue is the SLAM 
(Simultaneous Localization And Mapping) that is the process 
of building a map of the unknown environment and localizing 
a robot relative to this map at the same time. The majority of 
the existing SLAM methods for a mobile robot use a range 
sensor as main sensor [1][2][3]. A 2D range sensor, however, 
has a drawback that it can extract the limited types of features. 
A vision sensor also has a drawback that feature extraction 
time is relatively long while it can obtain much more 
information than range sensors. V-SLAM (Vision-based 
Simultaneous Localization and Mapping) and SIFT (Scale 
Invariant Feature Transform) are the most excellent examples 
[4][5]. 

This paper proposes an improved SLAM method which 
uses both the range sensor-based feature and the vision 
sensor-based feature. The most popular feature which can be 
extracted by a range sensor is the line feature, but it cannot be 
reliably extracted in the places that are unstructured and have 
no line segments. This drawback can be well compensated for 
by using the object features, and relatively slow recognition 
can be compensated for by using the line features in the 
environment where there are several line segments. 

The second issue of this paper is localization. Localization 
is a method for estimating the pose of a robot with information 
from sensors mounted on the robot and an environmental map 
which is usually built by SLAM. Localization with low-cost 
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sensors, however, seldom provides good localization 
performance in various environments due to inaccurate sensor 
measurements. Either the range-based or vision-based scheme 
alone cannot overcome these sensor limitations; therefore, 
sensor fusion based localization should be implemented to 
compensate for shortcomings of each sensor.  

This paper proposes the global localization algorithm based 
on the fusion of the range information from a low-cost IR 
scanner and the visual information from a stereo camera. The 
proposed localization scheme is mainly based on the MCL 
(Monte Carlo Localization) algorithm [6]. One problem 
involved in the fusion of the range and visual data is their 
different processing time. That is, the range information has a 
higher update rate than the visual information, because object 
recognition based on the SIFT feature extraction requires long 
computation time, especially when the object has many 
features. In this paper, the data from the two sensors are 
synchronized by compensating for the time delay caused by 
the slow vision-based localization with the encoder 
information. Then, dependable navigation is possible since 
the relatively poor range accuracy from the IR scanner can be 
compensated by the vision-based localization and the slow 
object recognition can be overcome by the frequent update of 
the range information.  

The third issue is object detection. Some objects such as a 
desk or a chair are encountered in indoor navigation. A robot 
should avoid it or stop in front of it to interact with objects on 
it. It is very difficult, however, to perceive these objects in the 
real environment because a range sensor usually detects only 
desk legs and a vision sensor observes not only the desk 
surface but also other objects and background together. 
Therefore, a mobile robot can easily collide with these types 
of objects if the robot cannot detect it well.  

This paper is focused on developing the simple and 
practically useful scheme to detect a desk. This method uses 
both range and vision sensors to exploit both sensors’ 
advantages. By this approach, a robot can detect a desk while 
it moves in the real environment. 

The remainder of this paper is organized as follows. Section 
2 presents the SLAM scheme which uses both range data and 
recognized objects. Section 3 describes how to estimate the 
robot pose using both range data and recognized objects. 
Section 4 describes how to detect an object, especially a desk, 
using both range and vision sensors. Finally, section 5 
presents conclusions.  

II. SLAM USING RANGE AND VISION SENSORS 

A. Feature-based SLAM 
Several algorithms to extract lines from the measurement of 

range sensors have been studied [7]. Most algorithms are 
applied to laser scanners, but in this paper lines are extracted 
using an IR scanner by dividing range data into several line 
clusters and by applying a least square method to each line 
cluster [8]. An IR scanner provides a total of 121 range data 

with a resolution of 1.8o. In case of the IR scanner, range data 
is limited to 2m, because the data exceeding 2m are found to 
be incorrect for line extraction. Figure 1(a) represents 
extracted line features using a least square method with the IR 
scanner. 
 

 

 
(a)         (b)              (c) 

 
Fig. 1 Feature extraction; (a) line extraction using IR range data, (b) 
objects stored in DB, and (c) object recognition during navigation. 

 
SIFT, one of the most popular recognition methods, is used 

to find an object registered in the database from the current 
image and to extract the relative range and angle from the 
robot to the object [9]. In this case, the center of the object is 
selected as a point representing this object. Figure 1(b) shows 
the objects registered in the database, and Fig. 1(c) depicts the 
recognized object during navigation. 

In this research, SLAM is based on the extended Kalman 
filter (EKF), the most widely used filter in the SLAM of a 
mobile robot. It is suitable to fuse the range data from an IR 
scanner and the object information from a vision sensor. The 
EKF is based on the Bayes filtering and consists of the 
prediction and update stages. At the prediction stage, the 
states and uncertainties of a robot and features are predicted 
from the robot motion. At the update stage, the states and 
uncertainties are updated by the measurement of the sensor. 
The odometry error on the robot pose is compensated by the 
Kalman gain which is proportional to the difference between 
predictions and measurements. Figure 2 shows the basic 
concept of this approach. 
 

 
(a)           (b) 

Fig. 2 Representation of features in the robot frames; (a) line features 
and (b) visual features. 

B. Experimental Results 
The robot equipped with a Hokuyo PBS-03JN IR scanner 

and Videre STH-DCSG-C stereo camera was used for the 
experiments. Experiments were conducted in the environment 
of a living room, and the area was 9.5m x 7.5m in size with 
several pieces of furniture, as shown in Fig. 3(a). The 



 
 

 

environment was modeled by a grid map at which each cell is 
10cm x 10cm in size. Figure 3(b) shows 11 objects which 
were used as landmarks. 

 

 
(a) 

 

 
(b) 

Fig. 3 Experimental environment and features; (a) experimental 
environment, and (b) objects used as visual features. 

 
Figure 4 shows the processes of SLAM in the environment 

of Fig. 3. The information about the environment was not 
known, but the visual information of the objects was stored in 
the database in advance. In Fig. 4(b), only the object is 
recognized and in Fig. 4(d), only the lines are extracted. In Fig. 
4(a) and (c), both the line extracted from the range data and 
the object recognized using the image are used together to 
localize the robot pose and map the environment 
simultaneously.  

 

 
Fig. 4 Map building process of the proposed method. 

  
Figure 5 is the map built by the proposed SLAM method. 

Each number means the object number which is shown in Fig. 
3, and the position of the number means the position of that 
object on the map. Object 6, 7 and 8 are located beyond the 
line feature because the line feature is extracted from the table 
but the objects are hung on the wall. This result shows that the 
proposed method can work well in the environment which 
consists of both line features and visual features. 

 

  
Fig. 5 Final grid map resulting from the proposed SLAM algorithm. 

III. LOCALIZATION USING RANGE AND VISION SENSORS 
Range sensors such as a laser scanner and an IR scanner 

have been extensively used for global localization. However, 
when only range sensors are employed, the estimation error of 
the robot pose increases in dynamic or cluttered environments. 
It is also difficult to find the accurate robot pose when the 
robot is placed at a simple environment like a hallway. On the 
other hand, a vision sensor usually provides more information 
than a range sensor, and its performance is good for its cost. 
Therefore, substantial efforts have been directed toward the 
development of vision-based global localization for the past 
decade. In topological Markov localization [9], the input 
image was compared with the images stored at each node of 
the topological map and then the node at which the robot was 
located was found by Markov localization. A Vision-based 
SLAM was also proposed which used the SIFT (Scale 
Invariant feature transform) algorithm [10] based on the stereo 
vision [11]. 

In this research, the range and vision sensors are fused 
together for improved localization of a mobile robot. In this 
research, an IR scanner and stereo camera are used as main 
range and vision sensors respectively. Objects are recognized 
by the well-known SIFT algorithm to extract the visual 
features. The sensor model for each sensor is required for 
probability update of random samples (i.e., candidates for the 
robot pose) used in MCL. 

A. Range and Vision Sensor Model 
In the range sensor model, the probability of samples is 

updated according to the difference between the range data 
measured by the IR scanner and those computed from the 
sample pose on the map, as shown in Fig. 6(a). In the vision 
sensor model, the probability is updated according to the 
difference between the measured range and angle to the 
recognized object and those computed from the samples on 
the map as shown in Fig. 6(b). In Fig. 6, the measured range 
data to the environment, zt, is obtained by the range sensor, 
and the predicted range data of i-th sample, zt

(i), is calculated 
based on the map. The relative angle to the recognized object 
from the robot at time t, θt

obj, is obtained on the image plane, 



 
 

 

and the range from the robot to the recognized object, dt
obj, is 

obtained by the stereo camera. The predicted angle and range 
to the object, θt

(i) and dt
(i), are calculated based on the map 

likewise.  
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Fig. 6 Comparison of measured data and predicted data; (a) 
measured and predicted range data, and (b) observed and predicted 
object data. 

B. Fusion of Range and Vision Sensors 
Vision-based localization can generally give more effective 

localization performance than range-based localization, 
provided objects with visual features abound in the 
environment. However, because only a small number of 
objects can be used as visual features in normal indoor 
environments, vision-based localization alone is not sufficient 
to provide satisfactory localization performance in most 
environments. Thus, if the recognized objects cannot be found 
at the current robot pose, only the range sensor model is used 
to update the probability of samples, and if the vision sensor 
recognizes any object, the range sensor model and the vision 
sensor model are fused to update the probability of samples. 

It is important that the data from the IR scanner and the 
vision sensor are fused in a synchronous fashion. However, in 
contrast to the relatively fast response of an IR scanner, the 
vision-based object recognition often requires a rather long 
processing time. Due to this delay, the information obtained 
upon completion of the object recognition actually reflects the 
environment information at the beginning of the object 
recognition. For synchronization, therefore, the range data 
measured at the start of object recognition must be fused with 
the visual data at the end of object recognition. As the 
processing time for the object recognition increases, several 
sets of recent range data should be discarded for 
synchronization with the vision data. Thus, the overall update 
rate of the sample probability becomes low, thus leading to the 
increasing failure rate of localization due to lack of the most 
recent environment information. 

In order to cope with this problem, the range data and the 
vision data are used separately in this research. That is, the 
range data continue to be used to update the probability of 
samples while object recognition is in process. Sensor fusion 
is conducted only when the object recognition is completed 
and the visual data are available. Figure 7 shows the concept 
of this approach. 
 

 
Fig. 7 Sensor fusion without loss of sensor information. 

C. Experimental Results 
Various experiments have been performed with the robot 

equipped with an IR scanner (Hokuyo PBS-03JN) and a stereo 
camera (Videre STH-DCSG-C). As shown in Fig. 8(a), the 
experimental environment was 15m x 80m in size and 
consisted of a long hallway and several doors. The grid size of 
a grid map was 10cm. 11 visual landmarks were used as visual 
landmarks for localization. Figure 8(b) illustrates some of 
them, and their positions were shown as red dots in Fig. 8(a). 
 

 
(a) 

 

 
(b) 

Fig. 8 (a) global map of experimental environment, and (b) objects 
used as visual landmarks. 

Suppose the robot was placed at a room at the beginning of 
MCL. As shown in Fig. 9(a), sample variances converge to 
zero and thus the estimated robot pose can keep track of the 
actual one reasonably well because enough environmental 
information can be obtained only from the range sensor if a  
robot is located in a room. However, if the vision data are 
fused with the IR scanner data, the sample variances converge 
to zero more rapidly than with only the range data. In the 
fusion-based localization, fast convergence can be achieved 
once the objects are visually recognized. Note that the 
variance associated with the y-axis (i.e., along the hallway) is 
much larger than that with the x-axis because the range data in 
the y-axis is quite uncertain due to the limit of the range sensor 
(4m in this experiment). 
 



 
 

 

Fig. 9 Variance of sample position in x, y axis and θ ; (a) room, (b) 
hallway. 

 
If a robot is located at a hallway at the beginning of MCL, 

the localization performance is generally worse than a robot 
being at a room. First of all, few geometric features can be 
collected by the range sensor because the geometric 
information in the hallway is quite similar from place to place. 
Furthermore, the IR scanner has a relatively short measuring 
range. Even in this case, however, if the sensor fusion is 
conducted for localization, the better convergence of sample 
variances can be achieved, thus resulting in successful 
localization.  

IV. OBJECT DETECTION USING RANGE AND VISION SENSORS 
Several ways of detecting an object such as a desk have 

been studied so far. The method to detect a door and a table 
using line features of images were proposed [12]. In this 
research, the lines extracted from image were classified into a 
vertical line and a horizontal line, and compared with the 
models which were made by an operator. Another object 
detection method which uses the information about the color 
and 3D shape of the objects in its database was proposed in 
[13]. During navigation, a robot generated an image using the 
3D information of objects, and compared that image with the 
image obtained by a vision sensor.  

In this approach, the target object is a desk, which is one of 
the most important objects for navigation, and the range and 
vision sensors are used for reliable desk detection. A range 
sensor such as a laser scanner or an IR scanner detects the 2D 
environment, and in this case, only the desk legs can be sensed. 
Even though a range sensor can offer only 2D information, it 
can provide more accurate and stable data than a vision sensor. 
Therefore, good estimation of leg positions can be obtained 
using range sensor data. 

After leg detection, the candidates for desk pose should be 
generated. In this case, the model information is required to 
generate the candidates which are similar to the real desk. 
Without the model, many candidates should be generated and 
evaluated to find the real table pose, but with the aid of the 
model information, the accurate and small candidates can be 
made. Then, all candidates should be evaluated to choose the 
best one. The surface of a desk is the most important part that 
has relatively plenty of features used to compare the 
candidates with the real desk. A vision sensor is suitable for 
performing this task. After calculating the similarity between 
each candidate and the vision sensor data, the best candidate is 
chosen and the desk pose is estimated. 

A. Leg Detection Using Range Data 
A leg of a common desk can be modeled as a pole. To 

detect a pole reliably using a range sensor is a very difficult 
task, especially for the inaccurate range sensor such as IR 
scanner. In this research, however, it is assumed that a laser 
scanner is used and the pole is reliably detected. The Hough 
transform for detection of circular arcs can be applied [14]. 
Figure 10 shows the result of detection, and not only the table 
legs but also human legs or cylindrical trash cans be detected. 
The numbers in Fig. 10 represent the distances (in mm) from 
the robot to the center of the detected poles. 
 

Table legs

Human legs

Trash can

Matched 
circle

 
Fig. 10 Detection of arcs based on Hough transform. 

B. Model Information 
If a robot has no information on the desk, the whole area in 

which a desk can be located should be searched. In this case, it 
is difficult for a robot to detect a desk in real-time due to high 
computational complexity. To overcome this difficulty, the 
proposed method uses the minimum information on the desk, 
and figure 11 shows examples of the model information which 
was used in the experiments. Another advantage of the use of 
the model information is that a robot can detect a table 
although the whole table is not within the field of view (FOV) 
of a vision sensor.  

 

Axis 1 = 
1200 mm Axis 2 = 

900 mm

Number of legs = 2

1200 mm
600 mm

Number of legs = 1

Diameter 
= 900mm

Model A

Number of legs = 4

Model B Model C

 
Fig. 11 Examples of model information. 



 
 

 

C. Candidate generation with detected legs 
The candidates can be generated using both the model 

information and some poles selected among all detected poles. 
This task is executed by the candidate generator of each model. 
Model A with only one leg in Fig. 11 has a very simple 
candidate generator. It chooses one pole among all detected 
poles whose center positions are already found by the Hough 
transform. Then, it generates a candidate for every chosen 
pole. On the other hand, many combinations of two or more 
poles can be used to estimate the pose of Model C. It is 
possible that there exist other poles within the generated 
candidate because human legs or other objects can be detected 
as a pole. Table 1 shows the candidate generation rules of 
some models. It is easily obtained using geometry. 
 

Table 1. Examples of candidate generation rules of some models. 

No. of considered 
poles: 1

Model A
No. of legs: 1

Model B
No. of legs: 2

Model D
No. of legs: 3

No. of considered 
poles: 2

No. of considered 
poles: 3

No. of considered 
poles: 4

Already 
considered 

above

Already 
considered 

above

Already 
considered 

above

Already 
considered 

above

Already 
considered 

above

Too many 
possible 

candidates 
Meaningless

Too many 
possible 

candidates 
Meaningless

Detected poles Predicted poles

Model C
No. of legs: 4

Too many 
possible 

candidates 
Meaningless

Already 
considered 

above

 

D. Vision-based Candidate Evaluation  
Every candidate should be evaluated to determine how 

similar it is to the real table. In this research, the stereo vision 
based information is used to compare the candidates with the 
sensed environment. The simple and intuitive approach to 
calculating the reliability of the candidate is to compare the 
sizes of two areas; the size of the candidate and the area where 
the stereo vision information can be obtained on the inside of 
that candidate region. 

First, the environment is divided into a discrete 2D grid of 
cells with uniform size, 100mm by 100mm in this research. 
The initial values of all cells are empty. Then the stereo vision 
based information is projected on the grid. The cells on which 
the stereo vision based information is projected change their 
values to ‘occupied.’ In Fig. 12, the gray cells represent the 
occupied cells. A darker cell has more 3D points within its 
boundary than a lighter cell.  

 

Candidate 3
Area: 1.08m2

Candidate 2
Area: 0.64m2

Position of stereo 
vision sensor

Stereo vision based 
information 

projected on 2D plane

 
 

Fig. 12 Evaluation using candidate size and stereo vision based 
information. 

 

These cells are used to evaluate the reliability of the 
candidates. If many cells within the area of one candidate have 
the occupied values, the reliability of that candidate is high as 
shown in candidate 3 in Fig. 12. The area of this candidate is 
1.08m2, which corresponds to about 108 cells. The number of 
the occupied cells is 65. In this research, it is assumed that the 
candidate is reliable if more than half of all cells of the 
candidate are occupied. On the other hand, the area of 
candidate 2 is 0.64m2 and it consists of about 64 cells. 
However, the number of the occupied cells within the area of 
this candidate is only 11, which means the reliability of this 
candidate is low. The reliability of a candidate is defined as  

 

01.0/i

i
i A

NR =  (i = 1, ..., n)              (1) 

 

where n is the total number of all candidates, Ri is the 
reliability of the ith candidate, Ni is the number of the cells 
within the area of the ith candidate and Ai is the area of the ith 
candidate. After calculating the reliabilities of all candidates, 
the best candidate can be chosen to estimate the pose of a 
table. 

E. Experiments in Real Environment 
By the proposed scheme, the tables on which a robot has 

information can be detected in the real environment. Figure 13 
shows the experimental results. Only candidates for model B 
are drawn in Fig. 13 because the image would be very unclear 
if all candidates were drawn together. In Fig. 13(a), only two 
legs are detected and one candidate for model B is generated 
and its reliability is computed as 0.50. This candidate is 
chosen as the pose of a table and is projected on the right 
image of Fig. 13(a). In Fig. 13(b) and (c), many candidates are 
generated because one pole and a chair are added and human 
legs are also detected. From (a) to (c), however, one candidate 
whose pose is similar to the pose of a real table is chosen. The 
value of the reliability varies little because the stereo vision 
based information continues to change little.  
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R=0.52R=0.29
R=0.23

R=0.06

Best 
candidate

 
(b) 

 

R=0.55Best 
candidate

1 2 3 4 5 6
1 2 3 4 5 6

 
(c) 

Fig. 13 Evaluation using candidate size and stereo vision based 
information. 

V. CONCLUSIONS 
This paper proposed the practical approaches to the three 

important abilities for mobile robot navigation in the indoor 
environment. They use both the range and vision sensors to 
compensate for the drawbacks of each sensor. By this 
approach, more reliable and practical performance can be 
obtained.  

From these researches, the following conclusions have been 
drawn. 

1. Two types of features extracted using the range and 
vision sensors respectively are used together for the 
observations of the EKF, and it makes the SLAM more stable 
and practical than the case in which only one type of feature is 
used. 

2. Sensor fusion based localization proposed here enables 
samples in MCL to converge to the actual robot pose faster 
than either range-based or vision-based localization alone. 
Although the processing time for object recognition takes a 
long time and is not periodic, the probability of samples can be 
updated at a speed of a range sensor with the proposed 
method. 

3. In the real environment, many candidates for the desk 
pose should be generated with all detected poles. In order to 
choose the best one among many candidates, a comparison 
between the stereo vision based information and each 
candidate for the table pose in 3D space can serve as a good 
evaluation tool. 
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