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Abstract. In this study, a multi-scale phase based disparity algorithm is 
developed. This algorithm is then applied in a simulated world. In this world 
there is a virtual robot which has a stereo camera system simulated with the 
properties similar to human eyes and there are 3D virtual objects having 
predefined simple shapes. The virtual robot explores its environment 
intelligently based on some heuristics. Only stereo images rendered from the 
virtual world are supplied to the robot. The robot extracts depth information 
from the stereo images and when an object is seen, it investigates the object in 
detail and classifies the object from the estimated shapes of the object parts. 
 
  

1. Introduction 
 

Navigation can not be achieved unless distance information is obtained. In many 
robotics applications depth is usually extracted by cameras. For depth extraction, at 
least a stereo camera system is necessary. In a standard setting of stereo imaging used 
on a robot, two cameras are bound together with a certain displacement. Vision, 
especially stereo vision, provides different kinds of information altogether. 
Information related to obstacle detection, object recognition, 3D reconstruction, 3D 
map construction can also be extracted from the images besides depth information. 
There is evidence that higher vertebrates do learn the spatial layout of their 
environments enabling them to generate and follow more efficient paths to distant 
targets [10]. This requires the embedding of all known places and of their spatial 
relations into a common frame of reference. This goal independent memory is called 
cognitive map and stored in the hippocampal area of the brain. Based on 
neurophysiological investigations on rat hippocampus, many robotics researchers look 
for mapping models that can be implemented on an autonomous mobile robot [5].  

In this study we develop a multi-scale phase based disparity algorithm for the 
purpose of depth estimation. We apply our stereo vision algorithm in a simulated 
world. The main goal is to construct a 3D map of the environment using the stereo 
images only. We also achieved a side goal which is to recognize 3D objects seen in 
this environment. The schema of the complete system is given in Figure 1. Our 
system is composed of two main modules: 1) Simulation module (SM) where the 
virtual environment exists, 2) Processor module (PM) where all kinds of control 
activities are achieved. Also, processor module is composed of two sub modules: a) 
Map formation and object recognition sub-module (MFOR), b) Navigation and 
camera controller sub-module (NACC). SM is a computer simulation of a very simple 
3D environment. In this environment there are 3D virtual objects and a virtual robot 



(agent) that has a stereo imaging system modeled with the properties of human eye. 
The system works as follows: First, 2D stereo images are rendered from SM and 
passed to PM. Then, using our multi-scale phase based disparity algorithm, depth map 
is extracted for the current view and environmental map is updated by MFOR sub-
module. From the environmental map formed up to date, navigation destination is 
decided and cameras are controlled by the NACC sub-module based on the 
exploration strategy. Finally, new camera locations and parameters are passed to the 
SM. All these steps are recursively processed until the environment is fully explored.  

 
Fig.1 Modules of the whole system. 

The disparity algorithm and stereo vision system will be explained in Section 2 in 
detail. Virtual world details and cognitive map formation are explained in Section 3. 
In Section 4 object recognition algorithm is introduced. Results are provided after 
algorithms have been explained. In the last section a conclusion is given.  

 
2. Stereo Vision System  

 
In our multi-scale phase based disparity algorithm, first of all, features which are 

oriented edges at various scales are extracted by using steerable filters. Then, 
corresponding pairs are matched based on multi-scale phase similarity. Finally, 3D 
world-centric location of each feature point is computed using the camera parameters.  

To be successful for stereo applications, local features must be robust to typical 
image deformations such as noise, rotation, scale and brightness changes. Recently, 
Carneiro and Jepson build on their previous work in which it was shown that the 
phase information provided by steerable filters is often locally stable with respect to 
noise and brightness changes, and they showed that it is also possible to achieve 
stability under rotation by selecting steerable filters [1].  

Feature points used in our study are extracted by using steerable filters as been done 
in [2]. The analytic filter )(xh , where x =(x,y) is the pixel location in the image I ,  to 
be used as the template filter is constructed from the filters provided in [3] as follows: 
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For the multi-scale framework used in this study, g(x) is chosen to be 4th derivative 
of a Gaussian, which is a steerable filter and q(x) is chosen to be a steerable 
approximation to the Hilbert Transform of g(x). 

First of all, the stereo images are filtered with basis filters at three different scales 
where the width of the narrowest filter is six pixels and the largest filter is 18 pixels. 
Then, these filter responses are used to interpolate the filtered images of orientation 
between 0º to 180º with 10º degrees of interval. Finally, the orientation estimation for 

each pixel location 
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steerable filtering for scale n and orientation  
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 and S is the total number of scales. 
Then, at each pixel location, filters having that pixel’s estimated orientation are used 
and that pixel is selected as a feature point if the sum of response magnitudes over 

different scales is greater than a threshold, i.e.  
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attributes used in this study for the corresponding pair matching of feature points are 
multi-scale phase and amplitude. We calculate phase and amplitude at each feature 
point as follows:  
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Here, the quantities if  and ir  are estimated phase and magnitude at feature point i, 

))(( , inrreal xq  and ))(( , inrimag xq  are real and imaginary parts of the filtered 

image respectively. We use the weighted phase measurements for filters of different 

width, i.e. different scales, to locate correspondences. Let [ ]Ti 321 fff=
�

 be a 
vector of phase estimates obtained using three filters. For each feature point at the left 
image, we search over a window for feature points of similar phase vector in the right 
image. We measure the similarity of phase vectors with { }{ }ˆ arg max T

i j i j
j

j = ��� C . 

Weighting vector Cij is constructed by using the method described in [12]. Each 
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q  shows the similarity in the magnitudes of 

feature points i and j at scale n. The matching algorithm is cross checked for left to 
right correspondences and right to left correspondences. In this way, we discard 
occluded feature points and unsafe matches. The success of this algorithm has been 
tested on real stereo pairs and found to be around % 95 [15]. 

In this study, we work on stereo image pairs where parallel cameras are used. This 
means that the disparity is the horizontal pixel distance between corresponding feature 
point locations, i.e. ji xx ˆ-=d . This agent centered location information is 

converted to world centered location information by CW zz R=  where R is the 
rotation and translation matrix which converts the camera coordinates 

),,( cccC zyxz =  to world coordinates ),,( wwwW zyxz = .   



 
3. Vir tual Wor ld  

 
Real robotic applications are very complicated because besides the problems of 

finding how the robot should behave to complete the task at hand, the problems faced 
while controlling the robot’s internal parameters bring high computational load. Thus, 
first working in a simulated environment in order to find the exploration strategy to be 
followed by the robot and then applying this on a real robot is preferable. In 
Terzopoulos and Rabie [13] biologically inspired active vision system is implemented 
on artificial fishes in a virtual environment. A simulation of a corridor world is 
constructed in [7]. In [8] 3D environment and a humanoid robot which has stereo 
vision system are simulated as a computer program. In this study, we also applied our 
stereo vision algorithm in a virtual world on an agent which has stereo cameras 
modeled based on human eye properties. There are 3D objects in this world and these 
can be placed anywhere on the ground and the agent can move anywhere around 
them. The cameras are positioned at a height above the ground level with a predefined 
distance between each other. Given a target location, both eyes look at the same target 
point with similar parameters such as focal length.  

The simulation software is developed using C++ programming language and 
OpenGL graphics library on the Microsoft Windows operating system [14]. As the 
user interface of the software is depicted in Figure 2, it is composed of four panes 
showing the scene from different view points. The two panes above are views from 
the left camera (eye) and the right camera respectively. Only these stereo images are 
supplied to the agent. The bottom panes render the scene from the top viewpoint and 
front viewpoint. The software is designed such that there is a plug-in mechanism to 
load a camera controller by using dynamic-link libraries (DLL). Rendering stereo 
images is done via this plug-in automatically. This DLL also controls the agent 
through the virtual world in an intelligent way in order to extract environmental 
cognitive map and recognize objects. Specifying geometric shapes, i.e. 3D objects in 
the virtual world, is done via loading the shape and texture data from a disk file. The 
assumptions about the virtual world are as follows: 1. 3D objects in the virtual world 
are made up of two parts and each has one of the following basic shapes: { sphere, 
ellipsoid, cylinder, cone} . 2. The objects constructed from these basic shapes can be 
located anywhere in the world. 3. The objects are clearly separable. 4. The agent is 
aware of its initial position in the world and initial orientation with respect to global 
north. 5. The agent is aware of its internal and external camera parameters. 6. The 
cameras can see up to a predefined distance. 8. There is no error in agent movement, 
i.e. agent goes to its target with success. 

 
4. Map Construction and Object Recognition 

4.1 Exploration and Map Construction  

The task of generating robot motion in the pursuit of building a map is commonly 
referred to as robotic exploration. While optimal robot motion is relatively well-
understood in fully modeled environments, exploring robots have to cope with partial 



and incomplete models. Hence, any viable exploration strategy has to be able to 
accommodate contingencies and surprises that might arise during map acquisition. 
For this reason, exploration is a challenging planning problem, which is often solved 
sub-optimally via simple heuristics. In this study, our heuristic exploration strategy is 
based on stereo vision. The agent is supplied only the stereo images rendered from the 
virtual world. The agent extracts depth and builds 3D grid based map while it 
explores its environment. If the agent sees something new then it goes around and 
gets 3D point claud of the object. The details of map construction can be found in 
[16,17]. In the end the grid points which have high numbers, i.e. high belief of being 
full, are selected to be full. As an example, 3D cognitive map constructed for the 
environment given in Fig. 2  is shown in Figure 3. 

 

 
 

Fig. 2. A screen shot from the virtual environment. 
 

4.2 Active Vision and Object Recognition  

There are different approaches for object recognition and classification. A popular 
framework is based on representing 2D object views as points in a high dimensional 
feature space and then performing some partitioning of the space into regions 
corresponding to the different classes [9]. However these methods fail for different 
postures of the same object. Other approaches attempt to describe all object views 
belonging to the same class using a collection of some basic building blocks and their 
configuration. For example in [6] generalized shapes such as cylinders are used as 



building blocks. Other part based schemes use 2D local image features such as local 
image patches, corners, simple line or edge configurations or small texture patches as 
the underlying building blocks. Although detection of such building blocks might be 
simple, combination of these in order to make a decision is hard, especially when 
occlusion of some parts occurs [18]. 

 
Fig. 3. 3D cognitive map. 

 
In this study, it is better to recognize the objects based on their 3D structure since 

we already obtain a point cloud for the location and shape of the objects while 
constructing the 3D map of the environment. These point claud consists of 3D world 
coordinates. While filling the cognitive map, the RGB color information is also saved 
for each grid. This is done by following these steps: First RGB value for each feature 
point is calculated. This is done by averaging the RGB values of the pixels falling into 
a window centered at the feature point location in the right image. Then RGB value 
for each grid is computed. This is done by computing averages of  RGB values of 
feature points falling on the same grid of the map.  Finally the RGB averages for each 
grid are calculated through time. This means that each time the cognitive map is 
updated, the color average stored at each grid is also updated since the content of the 
cognitive map changes. As a result, after completing a full turn around the object, the 
3D location information in terms of grid locations and RGB color information for 
each grid are obtained.  

The following steps are followed in order to recognize an object: First, the RGB 
color information is converted to HSV. Second, assuming that the top and body parts 
of the objects have different color content, the 3D object is segmented into two parts. 
In doing this, the following basic ideas are used: 1. Color content of all the grids 
belonging to a segment of the object should be similar. 2. Grids containing similar 
color information should be connected. In this study, only the hue channel is found to 
be enough for segmentation and the neighboring grid points which have similar Hue 
values are clustered together. In the top image of Figure 4 hue value for an apple tree 
is given. In the bottom images of the same figure the segmented object parts are seen. 
In the third step of object classification algorithm, the shapes of the segmented parts 
are estimated by fitting the quadratic surface equation of three parameters. This is 
done as follows: First, triples (x,y,z) belonging to the part for which a shape will be 
estimated are used in the general quadratic equation in three variables (4) [9, 23]. In 



this study, we assume that the parameter A in (4) is non-zero, since the shapes in our 
environment is either sphere, cylinder or cone. Reorganizing (4) we obtain (5) and the 
nine unknown equation parameters P={ B’ ,C’ ,D’ ,E’ ,F’ ,G’ ,H’ ,K’ ,L’ }  are solved.  

0222222222 =+++++++++ LKzHyGxFyzExzDxyCzByAx   (4) 
222 222222 xLzKyHxGyzFxzExyDzCyB -=¢+¢+¢+¢+¢+¢+¢+¢+¢   (5) 

 

 
(a) 

 
(b) (c) 

 
Fig. 4 a. Location and color information (hue channel) stored in each grid for an apple tree in 

the cognitive map, b. The top, c. The body. 
 

In order to comment on the shape, first of all an S matrix and Q vector (6) are 
formed from the parameters [4]. This S matrix is a non-zero real symmetric matrix 
[11] and has real characteristic values, i.e. real eigenvalues � 1, � 2, � 3, where at least 
one of them is different than zero. Since we deal with 3 basic shapes of sphere, cone 
and cylinder, we can say that all three are different than zero. Thus, there exists an 
orthogonal matrix R such that (7) holds. Considering the change of coordinates 

xx TR=  where ),,( zyx=x , equation becomes as in (8) where ©,©,© KHG  are calculated 
as in (9). Here, u1, u2, u3 are the eigenvectors of S. Knowing that all three of the 

eigenvalues are non-zero, we can translate x system to x~  system by 
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calculated as in (11). 
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In order to comment about the shape of the object part, (10) can be transformed into 

(12) using the relations 
1l
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If the shape is a sphere (for example the top of an apple tree) then these numbers 
are equal or very close to each other, i.e. a=b=c, and the average could give us the 
radius of the sphere. If the shape is a cylinder (for example the body of all tree types) 
then two of these numbers are equal or similar and the other one is very different and 
bigger than the other two. The similar ones give the radius of the cylinder. If the 
shape is a cone (for example the roof of a cottage) then one of these numbers is 
imaginary (i.e. square of the number is less than zero) and the other two are greater 
than zero.  

After estimating shape for each part of an object, the object is recognized according 
to the following rules:  

1. If there is a sphere on a small radius cylinder, this is an apple tree. 
2. If there is a cone on a small radius cylinder, this is a pine tree. 
3. If there is a cone on a big cylinder, this is a cottage. 
After going around the environment and recognizing all the objects as explained 

above, we finally have the location information for all of the objects and label for 
each of them.  In Fig. 5 top view of the 3D map constructed for the virtual 
environment in Fig. 2 is shown. Also, labels estimated for the objects are printed near 
the objects. 

 
5. Conclusion 

 
We have presented a complete vision system which extracts features, finds disparities 
and finally constructs 3D cognitive maps by exploring around objects and recognizing 
objects from their shapes. In our stereo correspondence method we used multi scale 
steerable filters. Thus, instead of calculating disparities using oriented filters and 
pooling the results over different orientations, a single orientation for each feature is 
obtained prior to disparity computation. Also, by using multi-scale filtering highly 
informative feature points are extracted even they are at different scales. As a result, 
although feature points extracted from image pairs are sparse, since they are the 
points of high contrast edges that define the bounding contours of objects, they still 
prove to be informative.  



 
Fig. 5. 2D occupancy map with labeled objects. 

Correspondences between feature points are located using multi-scale phase 
information. Phase is sensitive to spatial differences, and hence it provides fine image 
detail which is helpful in discriminating neighboring image regions. Phase is also 
robust to small scale differences. Unfortunately, there are image locations where 
phase is singular and can not be reliably used. In this study, by performing phase 
comparisons at multiple scales we overcome these difficulties. Also, the confidence 
weighting is used to augment phase information with information concerning the 
magnitude of the steerable filtered image to improve the correspondence method.  

The complexity of our disparity algorithm is O( 22SRnN ) where n is assumed to 
be the width of the widest filter, S is the total number of scales used and N is the 
imageis assumed to be square. Using multi scale steerable filters takes time but 
matching and depth extraction is real time. However, with the recent development in 
hardware and software and with some parallel processing we are hoping to obtain our 
features in real time in the very near future. 

Our stereo vision system is applied in a simulated world to recognize 3D object 
seen in the environment. The agent explores its environment based on some heuristics 
and simultaneously builds a 3D map. When an object is seen, the agent turns around it 
and obtains 3D locations of feature points extracted from the same object from 
different view angles. Then object is segmented into parts and quadratic surface 
equation of three parameters is fitted to each part in order to get the shape of the part. 
Finally, the object is recognized from the shapes and mutual configuration of its parts.  

In very near future, our exploration strategy will be expanded and our complete 
system will be applied on real robots. In this case, camera calibration, robot control 
and localization will be the additional problems. Also, we only used world-centric 
coordinate system. However, human can prefer ego-centric or world-centric 
coordinate system with respect to the task performed. Thus, another future study is to 
use ego-centric and world-centric coordinates interchangeably. 
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