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1. INTRODUCTION 
 

A mobile robot can build a map of an unknown 
environment and localize itself with respect to this map 
through on-board sensors using the SLAM 
(Simultaneous Localization And Mapping) technique. 
Range sensors or vision sensors are mainly used, but 
most algorithms on vision-based SLAM suffer from 
shortcomings in that their implementation takes longer 
than range-based SLAM because of the computation 
time needed for extracting and matching feature 
information from a camera image. However, many recent 
researches tend to employ cameras as a main sensor for 
SLAM because they have several advantages over range 
sensors. That is, cameras are low-cost, a large amount of 
information and their variety owing to development of 
lenses [1]. 

A vision-based SLAM which extracts primitive 
geometrical features such as corners and lines from an 
input image as landmarks was proposed [2]. In this 
research, the lines include the horizontal lines extracted 
at the place where a wall and a ceiling meet and the 
vertical lines extracted from doors. These lines 
compensate the SLAM using only corners which are 
sensitive to noise because line features consisting of a set 
of points are more robust in a noisy image than corner 
features. However, lines has a shortcoming of being 
sensitive to angular variations, which means a small error 
in an angle leads to a large error in a distance as the robot 
moves far from the initial position. 

Objects or a scene that includes many objects can be 
adopted as landmarks. Objects are ideal visual landmarks 
because object recognition is relatively robust to noise 
and is less affected by noise than corners or lines. Also, 
objects are advantageous over corners or lines from a 
view point of landmark matching and technical 
soundness. Some researches [3][4] showed that 
navigation algorithms using landmarks such as objects or 

scenes worked successfully.  
As a means of searching for objects or the most 

meaningful spots in a single input image, ‘saliency-based 
region selection’ was proposed [5][6]. In this method, the 
camera image is decomposed into a set of features 
(image, color, intensity and orientation). Feature points 
are extracted from each feature image by constructing an 
image pyramid. Extracted feature points are summed into 
one final image at the last step, which is called ‘saliency 
map.’ At the saliency map, the meaningful spots are 
discriminated from any other ones by observing the 
conspicuousness. The brightest spot at the saliency map 
is the most meaningful region or an object. The saliency 
map-based region selection provides some intelligence 
for finding the attractive region within a camera image 
with high accuracy.  

However, those researches focused only on the image 
analysis and any applications to navigation of a mobile 
robot were not tried. If the scheme, ‘saliency-based 
region selection’, is applied to navigation, the following 
points should be considered. Firstly, it needs too many 
feature images in searching for the salient points. There 
are 42 feature images in total and then it may be clear 
that extraction of salient feature points takes a long time, 
which makes the implementation of real-time navigation 
difficult. Secondly, together with object recognition, the 
physical and concrete figures of the objects should be 
specified. In this research, only rough regions of objects 
are estimated, which do not tell the specified 
configuration of the object. In order to integrate this 
research with navigation of a mobile robot, concrete 
figures including distances and angles of the recognized 
objects from the robot should be calculated.  

Another method of searching for objects uses labeling 
of SIFT keypoints within an input image [7]. The core of 
this approach is to extract the SIFT keypoints, group 
them into a few chunks and assume each of them as an 
object. In this research, the final output is considered as a 
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region where many SIFT keypoints gather together rather 
than an object. In case of using only SIFT keypoints for 
searching for objects, the objects would be not extracted 
reliably in indoor environments because the labeling of 
SIFT keypoints does not offer a consistent result. 
Reliable object recognition cannot be obtained in indoor 
environments with the labeling of SIFT keypoints alone.  

Navigation would be more practical if the robot can 
autonomously find some visual objects that can be used 
as landmarks. This paper proposes a scheme which 
searches for objects in an input image without any prior 
knowledge. The proposed image analysis consists of 
extracting various kinds of features and summing them. 
If some objects are considered suitable for navigation, 
the detected objects are decoupled from the source image 
and registered in the database. Registered objects are 
used as landmarks which help estimating the robot pose. 
Therefore, the algorithm proposed by this paper makes it 
possible for the robot to model an unknown environment 
autonomously with vision sensors. The process can be 
implemented in real-time even though it takes a long 
time in recognizing objects as the number of objects in 
the database becomes larger. 

The remainder of this paper is organized as follows. 
Section 2 presents a structure and results of autonomous 
recognition and registration of objects. Section 3 
describes EKF-based SLAM which is fundamental to 
visual SLAM using extracted objects. Section 4 
describes experimental results. Finally, section 5 presents 
conclusions. 

 
2. AUTONOMOUS SELECTION, 

REGISTRATION AND RECOGNITION OF 
OBJECTS 

 
Fig. 1 shows an overall structure of autonomous 

selection, registration, and recognition of objects 
proposed in this paper. In the case of implementing 
autonomous selection, recognition and registration of 
objects, it is desirable to use all the available features 
because the algorithm based on only one kind of feature 
is not able to perfectly separate the objects from the input 
camera image. Uncorrelated features should be employed 
to increase the chances of success in object selection. In 
this research, five kinds of features - hue, saturation, 
intensity, SIFT keypoints, and contour information - are 
used. 

 
2.1 Decomposition of input image  

First of all, the Gaussian filter is applied to an input 
image for noise filtering. The filtered input image is then 
decoupled into three feature images which describe hue, 
saturation and intensity, respectively. In other words, the 
input image in the form of RGB (i.e., red, green, and 
blue channels) is transformed into the form of HSI (i.e., 
hue, saturation, and intensity channels) through a series 
of calculation. On the contrary to the RGB model where 
a color is made by combining values of red, green, and 
blue channels, combination of more than two colors to 

generate a specific color is not needed in the HSI model 
because all colors are represented as the values between 
0 and 360 at the hue channel. A region of a similar color 
can be detected by finding the similar values of the hue 
channel. Both the saturation channel and the intensity 
channel are used to reduce the effect of lighting.  
 

  
Fig. 1 Overall structure of the proposed scheme. 

 
2.2 Extraction of features from each feature image 

Feature points are extracted from hue, saturation, and 
intensity channels. Feature points are obtained using the 
difference of Gaussian that uses the difference of the 
Gaussian convolution images. Feature points from the 
hue and saturation images appear in the areas of similar 
color, whereas those from the intensity image appear in 
the edges.  

 
2.3 Normalization and superposition  

Three feature images are normalized before they are 
combined into a single final feature image because they 
represent their features with non-comparable values. 
Normalization prevents a single feature image from 
giving a heavy effect on the final feature image.  
 

 
(a)                     (b) 

 
(c)                     (d) 

 
Fig. 2 (a) Input camera image, (b) extracted features 
from hue image, (c) extracted features from saturation 
image, and (d) extracted features from intensity image. 

669



An example of the processes of 2.2 and 2.3 are shown 
in Fig. 2. Fig. 2 shows an input camera image and 
decomposition of the input image into hue, saturation, 
and intensity images. Fig. 3 is the final result of the 
combination strategy of 3 features. Features commonly 
extracted from all feature images become conspicuous in 
white, whereas flat areas are represented in black. The 
final feature map demonstrates it can decouple potential 
objects from the background. 

 

 
(a)                     (b) 

 
Fig. 3 (a) Input camera image, and (b) final feature 
image. 
 

2.4 SIFT keypoint detection and contour detection  

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 [7]. SIFT keypoints gathered together in a 
local region can be considered to be on the identical 
object. A few groups can be collected from some SIFT 
keypoints whose distances between them are close 
enough, which means labeling. Labeling can help to 
distinguish the region which contains many SIFT 
keypoints from others.  

At the same time, outlines of objects are detected by a 
contour detection algorithm. Geometrical characteristics 
of visual objects also help objects to be distinguished 
from the background. As objects in indoor environments 
are usually characterized by closed polygonal contours, it 
is useful to consider the keypoints and contours together 
in selecting the objects. Fig. 4 shows an example of 
labeling of SIFT keypoints and detected contours from a 
camera image. 

 

 
(a)                    (b) 

 
Fig. 4 (a) Labeling of SIFT keypoints, and (b) contour 
detection. 
 
2.5 Object selection and registration  

Three criteria shown above - the final feature image 
from the HSI model analysis, labeling of SIFT keypoints, 

and contour detection - were used to decide a final region 
considered as an object from an input camera image.  
 

 
(a) 

A B
C

 
(b) 

 
(c) 

 
(d) 

 
Fig. 5 (a) Input camera image, (b) labeling of SIFT 
keypoints and detected contours, (c) the final feature map 
from HSI analysis, and (d) registered objects. 
 

Fig. 5 shows examples of selecting an object. Fig. 5(a) 
indicates input images from a camera. In Fig. 5(b), a 
labeled region of SIFT keypoints is represented as a red 
rectangle and a detected contour is represented as a green 
rectangle. Fig. 5(c) represents the final feature images 
from the HSI model analysis, where the final features are 
represented as the brightness. Fig 5(d) shows the objects 
registered by the scheme explained in this section. 

A region either with sufficient SIFT keypoints and 
conspicuousness or with a closed contour and 
conspicuousness is considered as an object. Strength of 
the conspicuousness inside a region is determined from 
the ratio of the bright region to the dark region. Note that 
the place that is not conspicuous is not considered as an 
object, although a region has sufficient SIFT keypoints 
or a closed contour. Region A, B, and C of Fig. 5(b) are 
examples of those regions, where the dominant portion 
of the corresponding region of Fig. 5(c) is black. 

The region selected as an object is registered in the 
database. The outer (yellow) rectangle in Fig. 5(b) means 
the region of interest. Autonomous selection and 
registration of objects are done inside this region of 
interest. The reason for setting the region of interest is to 
prevent the insufficient information from selecting parts 
of an object (i.e., the objects outside of this region of 
interest are likely to be cut at the boundary of the camera 
image). 
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2.6 Object recognition 

SIFT is exploited for recognition of registered objects. 
The center of an object is selected as a point representing 
this object because the object has its own image size on 
the image plane. The affine transform, which calculates 
the geometrical relations between the recognized object 
and the object stored in the database, is used to extract 
the accurate center point [8]. From the center point, the 
relative range and angle from the robot to the object are 
extracted for navigation. 
 

3. EKF-BASED SLAM 
 

The EKF (Extended Kalman Filter) has been proven to 
be the most appropriate framework in visual SLAM by 
many researches [2][9]. The EKF compensate for the 
error accumulated due to both systematic and 
non-systematic errors during navigation. In the EKF, the 
robot pose and landmark positions are stored in a state 
vector represented as X, and the position uncertainties of 
components of the state vector are stored in a covariance 
matrix denoted as P. The state vector and covariance 
matrix are updated recursively through sensor 
measurements.  

 
3.1 Prediction  

At the prediction stage, the state vector and its 
covariance matrix at time t are obtained from the state 
vector at time t-1, its covariance matrix at time t-1, and 
the displacement of the robot between time t-1 and time t 
as follows: 
 

ttt tt wuXfX += −
− ),,ˆ(ˆ

1           (1) 
T

t
T

tt uuxx FQFFPFP += −
−

1          (2) 
               

where −
tX̂  and −

tP  are the predictions of the state 
vector at time t and the covariance matrix of the state 
vector at time t, respectively. ut is the displacement of the 
robot between time t-1 and time t. wt represents the 
process noise with zero mean and Q represents the 
covariance matrix of the process noise. The matrices Fx 
and Fu are the Jacobian matrices of the nonlinear motion 
model f(·) with respect to the state vector and the 
displacement ut, respectively.  

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 is initialized and included into 
the state vector and the covariance matrix of the state 
vector. If it is found to be one of the existing features, 

EKF conducts the update stage.  
 

3.2 Update 

The state variables, the robot pose and landmark 
positions and the covariance matrix of the state vector 
are updated by the measurement of the sensor at the 
update stage. In this paper, the measurement is the results 
from object recognition which are in the form of a 
relative range and orientation of the object from the robot. 
The state vector and its covariance matrix P at time t are 
updated as follows:  

 
1)( −−− += t

T
ttt

T
ttt RHPHHPK        (4) 

)ˆ(ˆˆ
ttttt ZZKXX −+= −          (5) 

−−= tttt PHKIP )(            (6) 
 

where Kt represents the Kalman gain, and Ht is the 
Jacobian matrix of the sensor model with respect to the 
state vector. The error on the pose of the robot due to 
disturbances is compensated by the Kalman gain which 
is proportional to the difference between predictions and 
measurements. If none of landmarks are matched, the 
uncertainties of landmarks are kept unchanged.  

 
−= tt XX ˆˆ                (7) 

−= tt PP                (8) 
 

In this case, only the robot pose is calculated by the 
motion model and the uncertainty of the robot pose 
increases.            

 
4. EXPERIMENTS 

 
A stereo camera (Videre design STH-MDI-C) was 

adopted as a main sensor for object recognition. 
Autonomous selection, registration, and recognition of 
objects and object matching using SIFT are performed at 
every period. 

Fig. 6 illustrates the process of constructing a map of 
an unknown environment using autonomous selection, 
registration, and recognition of objects. The left figure of 
each step represents the camera image, in which the 
extracted and matched objects are marked as red dots. 
The right figures of each step represent the positions of 
extracted objects and the constructed grid map based on 
the EKF. The grid map is constructed by using an IR 
scanner (Hokuyo PBS-03JN) whose effective range is 
approximately 3m in front and 2m at sides. 
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Fig. 6 Process of building a map of an unknown 
environment. The left figure of each step represents the 
camera image and the right figure shows the constructed 
map. 

 
The registered objects are marked by circles at the 

corresponding positions and their position uncertainties 
are represented by ellipses surrounding the positions of 
objects. Large-sized objects with many feature points are 
easily recognized in general. The uncertainties of the 
objects and the robot decrease as the robot observes the 
objects registered in the database, as shown in Fig. 6(g) 
and Fig. 6(h). Some registered objects used to build a 
grid map and to estimate the robot pose are shown in Fig. 
7. Posters or pictures on the wall are selected as salient 
objects and scenes containing objects such as sinks or 
bookshelves are considered as an object because they 
share a common position in navigation even though they 
are not a single object.  

 
 

  
Fig. 7 Registered objects in the process of building the 
grid map. 
 

 

 

  
Fig. 8 Estimated covariance bounds associated with 
robot pose. 

 
The covariance bounds of the estimated robot pose are 

shown in Fig. 8. Estimated covariance bounds sharply 
drop whenever the robot pose is updated by matching the 
objects.  

If other types of keypoints that are more robust than 
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SIFT keypoints are used for matching, robust and 
accurate center point of the recognized object can be 
extracted, which can contribute to minimizing the error 
of the robot pose estimation. 

Vision sensors using objects or scenes play an 
important role in loop-closing because vision sensors 
have an advantage over range sensors in feature 
matching [10]. The proposed scheme can solve data 
association problem easily because SIFT for object 
recognition offers accurate matching results. 

 

5. CONCLUSIONS 
 

Object recognition is important and useful for 
navigation of a mobile robot because the recognized 
objects can be used as landmarks or goals. Current object 
recognition schemes require objects to be manually 
registered in the database. Thus an object which is not 
registered in the database cannot be recognized. However, 
the object recognition scheme without any objects in the 
database is needed in the SLAM problems that deal with 
unknown environments. The ability of autonomous 
navigation can be enhanced if the robot can 
automatically recognize objects in the environment. In 
this paper, an algorithm which searches for objects 
within the input camera image by an image analysis was 
proposed. The proposed scheme does not assume any 
assumptions on the environments, and the following 
conclusions have been drawn from the structure of the 
scheme and experimental results. 
  
1. Without any prior object information, objects can be 

extracted from the input camera image. Extracted 
objects are registered in the robot database and they 
are used for object recognition.  

 
2. Visual SLAM using object recognition was performed 

in mapping an unknown environment. Autonomous 
navigation was improved by autonomous selection, 
registration and recognition of objects 

 
3. Recognized objects offer physical figures to the robot, 

and they are used not only as landmarks, but also as 
other purposes like goals or avoidance in path 
planning. Also, the proposed algorithm does not need 
any assumptions on the environment and the proposed 
scheme can be applied to various indoor 
environments.  
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