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Abstract

Robot programming can be difficult for complex operations. An alternative to conventional programming is the creation of self-adaptive robots based on intelligent techniques such as Artificial Neural Networks (ANN). ANN based control algorithms can benefit from early simulation by preventing unexpected robot behaviour during the testing stage.

The research presented in this paper shows how robots can operate in poorly structured environments with a minimum of instructions. The approach followed was based on the clustering of contact force patterns by a Robotic Assembly Controller (RAC) using the Adaptive Resonance Theory (ART). Initial results showed the effectiveness of the technique which led to test the RAC successfully in real robot operations.

First, the definition of the problem is given followed by the description of the simulation procedure. Information representing temporal force patterns during manual operations of assembly is encoded and then decomposed into spatial patterns and input into the RAC simulator. The simulator was trained with a different number of patterns and the learning time recorded. The simulation showed the effectiveness of the approach by quickly classifying all the contact states occurring during assembly. From the experience gained during simulations, the RAC was enhanced by using the FuzzyARTMAP algorithm and implemented into the robotic system. Contact force patterns were then fed into the network as they occurred during assemblies, which resulted in actual arm motions towards the assembly goal.

Keywords:  Contact Force Simulation, Pattern Recognition, Adaptive Resonance Theory and Robotic Assembly.

1. Introduction –Defining the Problem.

Robotic assembly is a common operation within the industry. Industrial robot arms are currently being programmed by recording local and absolute goal locations and directing the insertion based on these locations. However, this is time-consuming and prone to errors, especially if assembly parts are miss-aligned, e.g. using belt conveyor systems. The objective of this research is to assemble parts by robots resembling the actions of a blindfold person performing the same operation. Hence, the only information available is the contact force felt by the operator, i.e. the robot. It is important to highlight that the location of the female and male components are unknown at all times and the insertion is only guided by the forces in the robot’s wrist. The robot has to acquire this information using a Force/Torque sensor attached to its wrist.

The assembly operation is very complex and difficult to simulate with commercial software due to uncertainties such as: friction, gear backslash, inertial forces, ageing of mechanisms, etc. On the other hand, testing the algorithm on-line may not be a good choice since unexpected arm motions are likely to occur. It was decided to simulate the output of the Robotic Assembly Controller (RAC) by using data from real robot operations. In this manner, different approaches to pre-process the data were tested safely. The learning time and generalisation power of the ART-1 network were also tested. They proved to be fast enough for real-time control. The approach followed for the simulation is explained in the next section.

2. Simulation of the assembly.

As it can be seen from Figure 1, the operation is centred on peg-in-hole type insertions (Stage 1). Typical Force/Moment patterns produced during manipulation, like the one shown in Stage 2, are pre-processed in order to be input into the Artificial Neural Network (ANN) for learning and motion prediction (Stage 3-4). Finally, during Stage 5 incremental arm motions are received by the robot to compensate for misalignments during the insertion until an end-condition is reached.
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The simulation of the clustering by the RAC was carried out by using data from real insertions employing the arm robot. The robot was guided by the operator using the robot’s teach pendant and the analogue information (temporal patterns in Stage 2) were recorded and processed into spatial patterns to be input into the RAC (Stage 3). A further analysis of the forces acting of different part shapes can be found in [1]. The information in Stage 2 was processed by taking the value after every incremental motion of the arm resulting in a graph such as the one shown in Stage 3. This information was encoded in a binary form considering the type of slope: positive(/), negative(\) and flat(-) and input into the RAC.

The RAC was based on the Adaptive Resonance Theory developed by S. Grossberg and G. Carpenter at Boston University [2]. The main advantages of this family on ANN is their adaptability and capability to learn incrementally without forgetting past events. That basically means that new or novel contact states are learnt without affecting the knowledge already learnt by the network. At the input of each pattern the network verifies if it is contained in the knowledge base. If so, the system “resonates” accessing the cluster, otherwise it is stored in the appropriate cluster or if novel, it initialises its own cluster.
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2.1 Contact Force Simulation Results

An example of the insertion simulation and clustering of the contact force patterns is given graphically in Figure 2. The ART1 network was used and trained in fast learning mode according to [3]. It is worth mentioning that the patterns were taken from the graph in Figure 1, Stage 3. The rows represent the 20 patterns presented to the network. The same patterns were presented twice, i.e. two epochs. This is observed in the lower and upper part of Figure. Column zero represents the individual pattern presented to the network and subsequent columns represent the individual group of patterns that were created during learning. The  mechanics of recognition and classification is as follows:

Pattern 1: This new pattern is classified.

Pattern 2: It is recognised by previous category node (resonance).

Pattern 3: This new pattern is classified.

Pattern 4: It is recognised by previous category node (resonance).

Pattern 5: It is recognised by previous category node (resonance).

Pattern 6: This new pattern is classified

Pattern 7: It is recognised by previous category node (resonance).

Pattern 8: This new pattern is classified.

Pattern 9: This new pattern is classified.

Pattern 10: This new pattern is classified.

Pattern 11: It is recognised by previous category node (resonance).

Pattern 12: It is recognised by previous category node (resonance).

Pattern 13: It is recognised by previous category node (resonance).

Pattern 14: It is recognised by previous category node (resonance).

Pattern 15: This new pattern is classified.

Pattern 16: This new pattern is classified.

Pattern 17: It is recognised by previous category node (resonance).

Pattern 18: It is recognised by previous category node (resonance).

Pattern 19: It is recognised by previous category node (resonance).

Pattern 20: It is recognised by previous category node (resonance).
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It can be seen from the clustered patterns that the network learnt these patterns at the second time they were presented to the network (direct access to the clustered groups). The vigilance parameter ((
) was set to 0.7 and with this level of vigilance the contact states were classified into eight groups, each corresponding to a particular motion. Different values of ( were used and it was noted that for 0.5 < ( < 1.0 the network behaved in the same manner, the number of clustered groups were the same. With ( ( 0.5 the network was able to cluster only two groups. These results corroborate the fine/coarse control of the vigilance parameter. At high values the network is more selective, forming more clusters whereas with low values its discriminatory ability becomes reduced, clustering patterns in less groups.

2.1.1 Learning time

The number of patterns were increased gradually up to 200 to further train the network and its learning time was recorded. The corresponding graph is shown in Figure 3. The simulation was implemented on a 120 MHz Pentium PC. With low vigilance value (( < 0.7) the network made false predictions by accessing the wrong cluster, however when increasing its value to 0.9 it classified all patterns at the first epoch and at the second time the access was direct since no learning took part. The effect of order in the patterns was also tested by presenting the patterns randomly. In all cases the results were very similar.
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It can also be observed that the curve tended to follow an exponential form. To achieve faster insertions, the network should utilise the information as efficiently as possible avoiding redundant information. The RAC is expected to acquire knowledge as required by the insertion and increment it when new contact states appear possibly leading to new actions. This will certainly increase the learning times, but once the information is learnt, the time is only needed to retrieve the appropriate action from the Knowledge Base. The longest time to learn the patterns was 7.52 seconds, which corresponded to 200 different patterns. This time is considered to be acceptable for robot control since in practice the number of patterns was found to be smaller.

3. Implementation in a Robot and Conclusions.

The above results showed the incremental learning capability and stability of ART. The number of contact force patterns that could be handled by the network was only limited to the memory capacity of the computer. Therefore, the Knowledge Base can dynamically increase along with the “expertise” of the robot. Considering the the learning time results, the acquisition of the skill can also be made in real-time. The RAC was also enhanced by using the Fuzzy ARTMAP network [4] to handle analogue values and providing prediction capabilities.

Results from the simulation of the RAC also indicated its feasibility to be implemented on a robot arm. A PUMA 761 robot arm was used with a JR3 wrist Force/Torque sensor. Experiments on circular, rectangular and non-symmetrical cross-sectional pegs demonstrated the effectiveness and speed of the technique. A typical assembly took as an average as little as six seconds of processing time. The total time was less than three minutes. This was mostly due to the communication overhead with the robot controller since the communication had to be started and stopped at every incremental motion, which included a delay of 2 seconds at each step to avoid the transient stage during F/T sampling.

Nevertheless, results have been highly satisfactory. Current research is now looking at reducing the overhead time and generating autonomously the initial Knowledge Base by the Robot, that is, learning from scratch and finding the initial contact state-motion map based on the localisation of the contact points in the manipulated part [5].
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Figure 1 Stages during automated assembly





Figure 2 Clustered Patterns
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Figure 3 Learning time








� The vigilance parameter is a non-dimensional value that regulates how much mismatch is tolerated between the input pattern and the category prototypes already stored in the network.
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