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Abstract

Machine vision is a useful robotic sensor since it mimics the human sense of vision and allows for non-contact measurement of the environment. A 3-D object gives rise to an infinite variety of  2D images or views, because of the infinite number of possible poses relative to the viewer. In order for a vision system to be effective in assisting a robot to approach an object autonomously,  two things must be known—“what” the object is and “where” it is located ie. the object has to be recognised and its coordinates must be known.

The system developed utilises two cameras for obtaining 3-D information about the object. A hierarchical system has been developed in software for object recognition. Training of each object is done by presenting characteristic views of each polyhedral object. Ideally, the vision system on the robot arm should be moved around the object to obtain the characteristic views. In the simulations however, the objects are rotated  and displaced to mimic robot movement. Each image of an object is processed and features such as corners and edges are extracted. The relationships between the features  are determined to identify the types of surfaces. The relationships between these  surfaces is then encoded and input into the artificial neural network. Incremental learning is done using  Fuzzy ARTMAP for all objects.  When a single novel image of an object is presented, the correct object can be  recognised. Since stereo vision is used, the location of the object with respect to the cameras is also determined. 

The vision system can now be implemented on a robot arm in the ‘eye-in-hand’ configuration. The robot arm can be moved precisely to obtain the two images or a miniature stereo setup can be mounted close to the gripper.  This  system can thus be used to identify, locate and approach mechanical objects autonomously. 

1.  INTRODUCTION

In most of the present research done in computer vision, it is assumed that two objects are the same if a sufficient number of significant visual attributes are matched. The process of recognition is composed of two parts: perception and classification. Perception is the process of assembling the features of an object in the image. Classification is the assignment of the set of assembled object features to an individual instance or to a larger class of objects.
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This paper deals with the development of a vision system for a robot (PUMA Mark III) for it to identify and locate objects. Software has been written to simulate recognition of polyhedral objects (Fig.1) as a precursor to integrating the vision system with the robot. 
2. STEREO VISION
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Viewing a scene  from two (or more) different positions simultaneously allows us to make inferences about 3-D structure, provided that we can match up corresponding points in the images. This technique is called stereoscopic vision, or stereo vision for short. It is thought that the visual systems of humans and some other animals makes use of this, and it is very important in attempts to develop practical computer vision systems. Stereo vision which utilises two cameras to view an object from slightly shifted positions (fig 2) allows one to gauge the depth of the object with respect to the camera in a non-contact manner by making use of the disparity between the two images. To recover the depth, features from two images must be matched. These features can be corners, edges or other interest operators. The first stage of stereo vision involves preprocessing for extracting these features. The second stage involves actual correspondence and in the third stage, the use of  stereo equations [1] is made in order to estimate the depth. Matching can be done using area-based techniques but they have the disadvantage in that they use intensity values at each pixel directly, and are hence sensitive to contrast and illumination. Feature based techniques are more robust and faster to implement. Once features like corners have been detected in the two images, they have to be matched. The problem of pairing up the features is known as the correspondence problem. If no constraints are applied, any feature in the left image can match any feature in the right image. One of the most basic constraint, when looking for matching features in a single pixel row of the image which is used is that a feature with a particular value can only match a feature in the other image with the same value (for cameras mounted on the same horizontal base). This is known as the epipolar constraint[2][3]. The epipolar plane is the plane defined by an image point and the optical centres. The epipolar line is the straight line of intersection of the epipolar plane with the image plane. For a given point in one image plane, it is guaranteed that its match lies somewhere along the epipolar line of the other image plane. Once the points are matched, the X-Y-Z coordinates of the points can be estimated thus providing us with three-dimensional information.

3.  SYSTEM ARCHITECTURE

The steps involved in recognition by the developed vision system are shown in Fig. 4. As shown in Fig 3,  data is first acquired by two CCD cameras in a stereo set-up. The images are then processed for features. The processing includes region detection and corner detection. Using stereo vision theory 3-D information  about the object is obtained. Each region (facet) detected is first identified. This is done by breaking each region into its smallest element and finding its relationship with its adjacent element. Three levels of facet matching are used. The first check is to ensure if the number of sides are similar. The next check is to see if all the angles are similar and the last check is to see if adjacent sides are similar. Each recognised facet is assigned a type number which lies between 0 and 1. Once  facets are identified, the relationships between them are found. This is done by using a grid which represents  how each surface is connected to every other region touching it. This data is input as a vector into the artificial neural network which represents it as a node. The object is rotated slowly to simulate robot movement. 

[image: image3.png]Rle o= [K|m|ea|me]  [2]3]4]5]6[m

i Vision1





Each characteristic view of the object is shown to the camera and information is fed into the artificial neural network (ANN). Similar surface relationships access the same node, while new relationships are learnt as new nodes. This is a feature of all ART (adaptive resonance theory) based neural networks [4]. If the ANN has learned previously to recognise an input vector, then a resonant state is achieved quickly when that input vector is presented. During resonance, the adaptation process reinforces the memory of the stored pattern. If the input vector is not immediately recognised, the network rapidly searches through its stored patterns looking for a match. If  no match is found, the network enters a resonant state whereupon the new pattern is stored for the first
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time. Thus the network responds quickly to previously learned data yet remains able to learn when novel data are presented. The many-to-one learning feature of Fuzzy ARTMAP is used where relationships of several views of objects can be associated with a single vector at the second ART-B module [5]. When a single novel image of an object is presented, the correct object can be recognised.

4.  VISION SYSTEM CONFIGURATION

The vision system developed is now in a position to be integrated with the robot [6][7]. Two configurations are possible: either mounting a stereo set-up on the robot arm or moving the robot to obtain the two views. In the later case, the robot can be programmed to move precisely by a certain baseline distance and at a certain angle to obtain the two stereoscopic views.  The training of the ANN can be done off-line by incrementally showing characteristic views of the object to the camera on the robot. During testing, from a single view, the objects will then be able to be recognised by the system by recalling the set of relationships for a particular object. Once the coordinates of the object are known with respect to the camera, using the control law existing in the robot controller the arm can be moved to the desired location. This approach compares well with the work done recently at Purdue University [8]. 

5.  CONCLUSIONS

The polyhedral objects shown in Fig.1 were trained and tested for recognition. By the use of stereo vision, the length of each side of the object and the angles in 3-D could be computed thus providing us with complete information about the object. The vision system can determine the coordinates of the object with respect to the centrepoint of the baseline distance between the two cameras. The coordinates can be converted into world coordinates for the robot to approach the object.  The system is limited to recognition in the stereoscopic region where all regions are seen in both views. After successful simulation as discussed above, the system is now in a position to be integrated with the robot.
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Fig. 5  Example of an object represented in the developed software 

















Fig. 4   System architecture





Fig. 3 (a) Schematic of  the stereo set-up                              Fig. 3 (b) Photograph of the apparatus





Fig. 1  Types of objects                          Fig. 2 (a) Left stereo view                Fig. 2 (b) Right stereo view
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