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1. INTRODUCTION 
 

Robot vision has been widely used in various robotics 
fields such as navigation, manipulation, recognition, and 
human robot interaction (HRI). Some techniques use 
raw data obtained from a camera, but most approaches 
extract various types of features suitable for their own 
purposes from an image. Corners, lines, edges, and 
colors are the typical low-level features used in robotics 
[1]. Scale-invariant feature transform (SIFT) [2] are 
examples of high-level features. Among these, corner 
features are the most widely used in robotics. 

 

 
 

Fig. 1 Examples of image change. 
 
A good matching method can deal with image 

variations caused by a change of viewpoint or 

environmental conditions as shown in Fig. 1. The image 
will show scale change, rotation change, and 
perspective change depending on the movement of an 
object [3]. Therefore, features extracted from the image 
with these variations should be matched accurately and 
reliably. High-level features such as SIFT and SURF 
usually have their own matching methods, which show 
reliable and robust matching results even though the 
images have variations together such as scale, rotation, 
perspective, and illumination changes. On the other 
hand, low-level features such as corners usually require 
an additional matching method. The most representative 
method computes a sum of squared difference (SSD) of 
two images using grayscale values of all pixels, which is 
one of the most popular template matching methods. In 
a pixel-based SSD method, all pixels of one image are 
compared with all pixels of another image, and thus the 
matching results will be very. However, the accuracy of 
matching decreases significantly when the image has a 
slight variation such as a scale change or rotation 
change. Moreover, the computational cost in a 
pixel-based SSD method increases considerably with 
the number of images to be compared. 

The contribution of this paper is to propose a new 
corner matching method to match corners extracted 
from the image obtained from a camera installed on a 
cleaning robot shown in Fig. 2. The proposed method 
can consider an image with only a rotation change, and 
its computational cost is so small that it can be used on 
an embedded system. The proposed method is very 
useful for simultaneous localization and mapping 
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(SLAM) studies, or localization using a mobile platform 
as shown in Fig. 2 [4]. The proposed method’s 
rotation-invariant characteristics and computational 
efficiency were investigated, and its matching 
performance in an embedded system was also evaluated. 
Moreover, MCL-based global localization using the 
proposed matching method with ceiling corners also 
was investigated. 
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Fig. 2 Experimental setup. 
 

2. FAST ROTATION-INVARIANT CORNER 
MATCHING METHOD 

 
2.1 Characteristics of ceiling corners  

In this study, corners on a ceiling were observed by a 
cleaning robot equipped with a vertically-mounted 
monocular camera. Figure 2 shows our experimental 
setup which can also be found in several researches [4], 
[5]. In this specific situation, scale and perspective 
changes did not occur and only rotation change existed 
because the height of each corner was fixed and the 
viewing direction of the camera was perpendicular to 
the ceiling. For example, one corner on an office ceiling 
was observed from three locations to produce three 
image patches as shown in Fig. 3. From this figure, no 
scale or perspective change was noticed, and only 
rotation changes occurred. 

 

 
 

Fig. 3 Examples of different image patches for one 
corner because of rotation change. 

 
2.2 Feature extraction  

The proposed method divides the image patch into 
partitions, extracts representative values at each 
partition, and then compares these values to match 
corners. In contrast, the pixel-based SSD method 
compares two image patches pixel-by-pixel. Figure 4 
shows an example of an image patch. The size of the 
image patch in this study is 21 pixels by 21 pixels. The 
corner is located at the center of the patch. The patch is 
divided at regular intervals to generate equally-divided 

partitions like Fig. 5. Therefore, 16 partitions were 
generated, and each partition had 24 pixels in this 
experiment. Grayscale values of all pixels in one 
partition were averaged, and the average value and 
partition number of each partition generated a feature 
descriptor represented by 

 
),...,0(},{ mkaF k   (1) 

 
where m is the number of partitions and ak is the 
average of the grayscale values of partition k. This 
feature descriptor for the image patch shown in Fig. 4 
can be drawn as shown in Fig. 6. To compute the 
difference between two corners, their features are 
compared as follows. 
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where i and j denote the corner numbers. If the distance 
between corner i and corner j is closer than the threshold, 
these two corners will be regarded as identical or very 
similar corners. 
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Fig. 4 Example of image patch. 
 

 
 

Fig. 5 Partitioning of image patch. 
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Fig. 6 Feature descriptor: averages of grayscale values 
in 16 partitions. 

 
2.3 Rotation-invariant feature descriptor  

If corners are represented by the feature descriptor of 
Eq. (1) and Fig. 6, two image patches with rotation 
changes cannot be matched. To deal with this problem, 
the averages of partitions are rearranged so that the 
largest value among all averages is located on the first 
part of the feature descriptor. That is, the feature 
descriptor in Fig. 6 was horizontally shifted to place the 
maximum value in the first position of the descriptor, as 
shown in Fig. 7. This rearranged feature descriptor can 
match corners with rotation changes because it can list 
averages of all partitions in a specific sequence 
regardless of the rotation of an image patch.  
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Fig. 7 Rotation-invariant feature descriptor. 
 

2.4 Experimental results  
Figure 8 shows an experimental result of corner 

matching using the proposed method. In Fig. 8(a), two 
corners were extracted from different parts of the ceiling 
and their image patches were very different from each 
other. In this case, the distance computed using Eq. (2) 
was 26.5. However, two corners in Fig. 8(b) were 
extracted from one part of the ceiling from different 
viewpoints. The difference between the two descriptors 
was 4.7 which is much smaller than 26.5. In our 
experiments, the value of 10.0 was used as a threshold, 
and therefore the two corners in Fig. 8(a) was regarded 
as different corners while the two in Fig. 8(b) could be 
considered to be identical. 

Figure 9 shows matching results by the proposed 
method. Seven corners were given in advance and their 
descriptors were stored in a database. A cleaning robot 

moved on the ground and monitored a ceiling. 
Whenever an image was obtained from a camera, 
corners were extracted by a FAST detection method [6], 
and their descriptors were generated. The descriptors in 
the database were compared with the descriptors of all 
extracted corners to check corner matching. Matched 
corners extracted from arbitrary images are shown in 
Fig. 9. It was shown that corners with rotation changes 
were well matched, but we could also observe several 
corners which were incorrectly matched. 

 

 
 

Fig. 8 Examples of corner matching using proposed 
method: (a) different corners, and (b) similar corners. 

 

 
 

Fig. 9 Examples of corner matching results. 
 

The pixel-based SSD method performs n*n 
computations of the sum of squared differences for 
every matching of two corners when the size of an 
image patch is n*n. However, the proposed method 
makes a descriptor for one corner through n*n 
computations of the sum of squared differences. Then, 
only 16 values are compared for matching the two 
corners. Therefore, the proposed method is much faster 
than the pixel-based SSD method when there are many 
corners to be matched to each other. If m corners are 
given in advance in a database and k corners are 
extracted in real-time from a current image of a camera, 
k corners will be compared to every corner in the 
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database, and the total number of matching trials will be 
m*k. Figures 10(a) and (b) show the experimental 
results on a 1.7 GHz Pentium 4 notebook computer. 
When 20 corners were extracted and compared with 14 
corners in a database, the computational cost of the 
proposed method was about 13 times smaller than that 
of the pixel-based SSD method because it only 
compared 16 values after descriptor generation. This 
computational cost is low enough to use this method for 
vision-based navigation of a cleaning robot. 

 

 

Fig. 10 Matching time using: (a) pixel-based SSD 
method on notebook computer, and (b) proposed 
method on notebook computer (note the different scales 
in the two figures). 
 

3. MCL-BASED GLOBAL LOCALIZATION 
 
After a corner map of a ceiling is built as shown in 

Fig. 11(a), MCL-based localization can be conducted 
using ceiling corners. In this research, MCL was used 
for localization and it is one of the most popular 
localization methods. Its performance has been verified 
by many experiments and demonstrations [7], [8]. 
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Fig. 11 (a) Example of corner map and global 
coordinate system, and (b) image coordinate system. 

In MCL, many samples are used for estimating a 
robot pose. The positions of corners in map are 
predicted from every sample, and the predicted corners 
should be compared with the corners extracted from the 
real image as shown in Fig. 12.  
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Fig. 12 Corners measured from image and corners 
predicted from map. 

 

 
 

Fig. 13 Examples of global localization using fast and 
rotation-invariant corner matching method. 

 

 
 

Fig. 14 Computation time for major parts of 
localization: (a) pixel-based SSD method, and (b) 
proposed rotation-invariant corner matching method. 
 

Because the number of samples is large, especially in 
global localization, the fast corner matching method 
should be required. In this study, the proposed corner 
matching method was used for MCL-based global 
localization, and Fig. 13 and 14 show the experimental 
results. When a pixel-based SSD method was used, the 
computational cost, especially for corner matching was 
too large to estimate a robot pose in real time. However, 
the proposed matching method could drastically reduce 
the matching time and the localization can be conducted 
in real time. Figure 15 shows the results of local 
tracking using the proposed corner matching method. 
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Fig. 15 Experimental results of local tracking using fast 
and rotation-invariant corner matching method. 

 
4. CONCLUSION 

 
A new corner matching method called fast 

rotation-invariant corner matching was proposed in this 
study. This method uses corner information on a ceiling 
observed by a camera installed on a cleaning robot. In 
this situation, only rotation change exists without scale 
and perspective changes. Therefore, the proposed corner 
matching method was designed to have a 
rotation-invariant characteristic. The proposed method 
can consider only rotation change but it is very fast. So, 
it showed good performances in MCL-based 
localization. 
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