
Computer Simulation of Learning Experimentswith Autonomous Mobile RobotsTen-min Lee, Ulrich Nehmzow and Roger HubboldDepartment of Computer Science,University of ManchesterOxford Road, Manchester M13 9PL, U.K.leet, ulrich, roger@cs.man.ac.uk26.3.99AbstractThis paper presents a series of experiments with an autonomous mobile robot to acquire a modelof the robot's interaction with a speci�c environment. In these experiments, an arti�cial neuralnetwork model of the environment is acquired, using data obtained from the robot interacting withthe real world. To investigate the feasibility of this approach we have modelled fundamental sensoryperception, robot environment interaction in simple, small environments, and the application of thisnovel approach to a machine learning application in robotics. The behaviour of a learning mobilerobot is predicted using our network-based approach and shown to produce more faithful results thanclassical robot simulation methods.1 IntroductionThe advantages of numerically modelling robot-environment interaction are numerous and widely re-ported in the literature ([1, 3, 4, 8]). Simulation allows fast and cheap prediction of robot behaviour.It allows simple modi�cations of the experimental scenario and experimental parameters, and it allowsdeterministic repetition of experiments, thus facilitating quantitative analysis and replication. However,to obtain these advantages of simulation, the model used has to be reasonably accurate to exhibit thenecessary faithfulness in prediction. Furthermore, there is the real risk that unrealistic simulations maymislead the user, for example by causing him to work on arti�cial problems. As Brooks and Mataricstate, \many simulation artifacts do not occur in the real world" ([1]). Likewise, there is the risk ofmissing signi�cant features and therefore basing the design of a control structure on false assumptions.Our previous work, which will be mentioned brie
y in this paper, has shown that it is possibleto obtain models of robot-environment interaction by using data from a real robot to learn models ofrobot behaviour, and to use that acquired model subsequently for sensor analysis and robot behaviourprediction.Both sensor modelling and simulation of hard-wired robot control strategies are relatively straight-forward, in that the control program itself is �xed and has no parameters that can be modi�ed. A moresensitive test for the validity of our approach would be to apply our robot-environment interaction modelto a learning control program, because here the program is more critically dependent upon a faithfulmodel, as small di�erences between the real robot's behaviour and the model's prediction are ampli�edthrough the robot's learning program.We have, therefore, applied our approach to predicting the behaviour of a robot that learns - by meansof an arti�cial neural network - to follow a wall and found that the acquired model again shows greaterbehaviour prediction accuracy than a standard industrial simulation environment.Proc. TIMR 99 \Towards Intelligent Mobile Robots", Bristol 1999.Technical Report Series, Department of Computer Science, Manchester University, ISSN 1361 - 6161.Report number UMCS-99-3-1. http://www.cs.man.ac.uk/cstechrep/titles99.html
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2 Modelling Robot-Environment InteractionRobot-environment interaction is characterised by two main features: modelling the robot's actuators,and modelling the robot's sensors. Initial experiments have shown that the fundamental discrepanciesbetween prediction and actually observed robot behaviour are caused by unreliable predictions of therobot's sensors ([5]). We have, therefore, focussed our experiments on modelling robot sensors and usingthose models subsequently for the prediction of robot behaviour in the target environment.The most common approach to modelling robot perception is by constructing simpli�ed numericalmodels of the robot's sensors ([2, 3, 8, 10, 11]). These models attempt to capture the fundamentalphysical phenomenon underlying the sensor in question, but typically fail to take into account any e�ectscaused by abnormalities in the environment or abnormal properties of the sensor, such as for instancethe dependency of sonar sensors on surface structure and incident angle, or the dependency of infraredsensors upon surface colour. These models are usually too generalised to be applicable to any but themost fundamental predictions of robot-environment interaction.3 MethodInstead of using simpli�ed models, which are pre-installed by a human designer, we use sensor readingsobtained from a real robot operating in the target environment. These perceptions are then used to traina set of multi-layer perceptrons, which learn the model that underlies the relationship between the robot'sposition and its sensory perception at that position. This method is described in detail in ([5, 6]).An alternative method would be to use look-up tables to store sample data and to retrieve them in agrid-formatted space ([7]). We have chosen not to use this method because the fact that the robot learnsthe model, allows it to interpolate between sensor readings, and make predictions even for positions whichit has never visited.For the experiments presented in this paper, we have used a set of 16 multi-layer perceptrons, eachof which was to model one of our robot's 16 sonar sensors. Each of the 16 networks uses 2 input units,signifying the robot's x and y position in Cartesian space: 40 units on the �rst hidden layer, 10 units onthe second hidden layer. Each network has one output unit specifying the range reading obtained for itscorresponding sensor at any given (x,y) position.We compare the results of our \network simulator" with those obtained from the Nomadic Technologiessimulator, provided by the manufacturer of our mobile robot.3.1 The Mobile Robot and SimulatorAll the experiments presented in this paper were performed using a Nomad 200 autonomous mobilerobot called Forty Two (see the left picture of Figure 1).This robot is equipped with 16 sonar sensors, 16short-range infrared sensors, 20 tactile sensors and odometry sensors.Nomadic Technologies supplied a simulator of the Nomad 200 robot (see the right picture of Figure 1),which was used for comparison with the network simulator developed in our research.The Nomad simulator provides a graphical environment, allowing users to run the simulated robot ina user-de�ned world. The sensor modelling in Nomad simulator is a conventional simpli�ed mathematicalmodel. Sensory readings are calculated by pre-installed mathematical equations. All objects modelledin this simulator have been simpli�ed to present the same perceptual qualities. Throughout this paperwe compare the results produced by our simulator (described as `network simulator' in this paper) withthose of the simulator provided by Nomadic Technologies with the Nomad 200 robot (described as `Nomadsimulator' in this paper).4 Experiments and Results4.1 Modelling a Single WallIn an initial experiment, whose details are given more explicitly in ([5]), we have simulated our robot'sperception of a 100-inch long section of a straight wall. This wall was covered with 2 di�erent materials,resulting in a non-uniform sensory perception of the wall.
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Figure 1: Left: The Manchester mobile robot Forty Two. The robot's sonar and infrared sensors aremounted on the turret. In all experiments the turret was kept �xed to provide a \compass sense".Exploration was carried out using the separate translational and rotational motors located in the base ofthe robot right: The Nomad simulator.The robot's perception of this wall is shown in Figure 2. The network simulator is able to predict asudden change in perception at the point where the surface structure of the wall changes.In order to assess the network simulator's ability to predict robot behaviour, we executed a hard-wired wall-following program on the Nomad 200. Due to the irregularities of the wall being modelled,the physical robot actually collides with the wall after about 40 inches of travel (see Figure 2) which wascorrectly predicted by the network simulator, whereas the Nomad simulator was unable to predict thisbehaviour, because it is not able to take into account di�erent surface properties.4.2 Modelling a small-sized room without obstaclesIn a second experiment, we then applied our network model to a larger environment with walls of about3 metres in length. The walls of this environment were covered in 4 di�erent materials: cardboard boxes,bricks, rough wood and smooth wood. Figure 3 shows the sensor reading from one of the 16 sonar sensorsobtained along the indicated trajectory.At position (400,-400) a sudden rise in range reading is observed due to specular re
ection. This iscorrectly predicted by the network simulator whereas, as before, the Nomad simulator is unable to predictthis observation due to its inability to model surface structure.Again, we were interested in observing whether the network simulator was able to predict robotenvironment interaction correctly. A hard-wired \�nd free-est space" program was used for this purpose.The actual robot trajectory as well as the trajectory predicted by the Nomad simulator and the trajectorypredicted by our network simulator, are shown in Figure 3.As can be seen, the actual robot does not move to the physical centre of the environment, but rather,due to specular re
ection, goes towards the edge of the environment and eventually collides with a smoothwall on the right hand side. This behaviour is correctly predicted by our network simulator, whilst theNomad simulator is unable to predict this phenomenon.4.3 Modelling the interaction between a learning robot and its environmentThe experiments reported so far have used hard-wired control programs, namely wall-following andspace-�nding to demonstrate that our approach to robot simulation is able to predict the perceptionand behaviour of a mobile robot interacting with a speci�c environment. Our experimental results
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Figure 2: top: The network model successfully predicts the sudden changes in sonar readings betweensample 20 and 40, which the Nomad model fails to do. Bottom: By assuming a homogeneous wall surface,the Nomad simulator fails to predict the collision of the real robot, caused by specular re
ections. Thenetwork simulator correctly predicts the collision.
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Figure 3: Top: Sonar reading predictions. The Nomad simulator is unable to predict the sudden in-crease in sonar reading due to specular re
ection, while the network simulator predicts this correctly.Bottom: Simulated and real robot trajectories in response to the \�nd free-est space" program. Thereal and network-simulated robot bump into a smooth wall while the Nomad-simulated robot goes to thegeometrical centre of the robot's environment at (450,-450).
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demonstrate that perceptual features of the environment can be captured with su�cient detail to allowthe prediction of even unusual and unexpected robot behaviour, such as collisions.A more sensitive evaluation of our approach would be to make predictions of a learning robot'sbehaviour in its environment, because any discrepancies between the sensor model and actual sensoryperception would be ampli�ed through the robot's learning program, and expose disagreements betweenmodel and actual observation more clearly. For this reason, we have conducted a further experiment thistime using a neural network-based learning program to control our mobile robot. In this experiment,Forty-Two was controlled by a learning controller, using an associative-memory with 16 inputs, whichlearnt a wall-following behaviour through trial and error. More details of the learning controller are givenin ([9]). The important point for the purpose of this paper, is that the sensor motor mapping controllingthe robot is acquired in this case, not hard wired, and can be changed at any point of the experiment, inan unsupervised way by the robot itself.The experiment was conducted in the same room as the experiment mentioned in Section 4.2.4.4 Experimental procedure and experimental resultsThe experiment was conducted as follows. The simulated robot { simulated both by the Nomad simulatorand the network simulator { was left to acquire the necessary weights to achieve a wall-following behaviour.These weights were then downloaded into the physical Nomad 200 robot and the robot was placed in thetarget environment, executing the control structure as it was encoded by the downloaded weights, butnot modifying these weights any more. The resulting trajectory of the physical Nomad 200 robot wasthen graphically compared with the trajectory predicted by the respective simulator. These trajectoriesare shown in Figure 4.It can be seen that the physical robot's trajectory di�ered considerably from that predicted by theNomad simulator, whilst the discrepancies between the predictions of our network simulator with theactual robot trace were far less pronounced. This experiment, therefore, serves as a �rst indication thatthe network simulator is faithful enough to allow simulation of learning applications.5 SummaryThe advantages of numerical models of robot-environment interaction are widely appreciated in theliterature. Robot simulations facilitate rapid prototyping, replication of experiments, fast modi�cationof parameters, and principled investigation of the in
uence of individual experimental parameters.However, over-simpli�ed models can lead to two types of error. First, they may result in modellingphenomena which do not actually exist on real robots and secondly, they may over-generalise certainaspects of the environment and therefore miss necessary detail. Both errors are serious impediments forusing robot simulators for serious applications.Instead of using simpli�ed models of the underlying sensor characteristics, we have investigated theuse of arti�cial neural networks for learning a model of robot-environment interaction for a speci�c robotinteracting with a speci�c target environment.In our approach, sensory data obtained from a physical mobile robot is used to train a set of 16arti�cial neural networks to acquire a model of sensory perception in the environment. This acquiredmodel is subsequently used to predict the robot's behaviour in the target environment.We have shown that using our approach, it is possible to predict the behaviour of the robot indi�erent environments running di�erent hard-wired control programs. However, it is of speci�c interestto investigate whether the network model is faithful enough to allow even the investigation of learningcontrol programs. For this purpose, we have conducted experiments in which a Nomad 200 mobilerobot was controlled by a learning controller. Our experimental results show that even for this moredemanding application, the network controller provides accurate predictions and can be used to modelrobot-environment interaction faithfully.6 Conclusions and future workThe environments in which we have tested our approach so far have been very modest. Rooms of sizesof up to 5 x 3 metres relatively uncluttered by furniture were used. To model a robot's interaction with
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Figure 4: Top: The robot traces predicted by the Nomad simulator and the real robot using the weightsgenerated by the Nomad simulator. Bottom: The network predicted robot trace is similar to the real oneusing the weights generated by the network simulator.
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such an environment, even though it is a relatively structured environment, is a hard task. Sonar sensors{ the sensors being modelled here { are very dependent upon surface structure and su�er from specularre
ections o� smooth surfaces, such as polished wood, glass or metal. These e�ects are widespread andyet di�cult to model.However, if robot simulation is ever to be used in realistic applications, it is necessary to increase thesize and complexity of the environment as well as to investigate this approach with more complex robotcontrol programs. From an experimental point of view, it is also necessary that these control programsare obtained from third parties to ensure that control program and simulation environment are trulyindependent from one another. Both of these aspects are currently under investigation.References[1] R. A. Brooks, M. J. Mataric, Real Robots, Real Learning Problems. In Chapter 8, Robot Learning,Edited by J. H. Connell and S. Mahadevan, Kluwer Academic Publishers, 1993.[2] C. Chen, M. M. Trivedi, C. R. Bidlack. Simulation and Animation of Sensor-Driven Robots. In IEEETransaction on Robotics and Automation, Vol. 10, No. 5, 1994.[3] H. R. Everett. Sensors for Mobile robots: Theory and Application. Published by A K Peters, Ltd.,1995.[4] K. D. Harris. Closed-Form Probabilistic Models of Time-of-Flight Sonar. In Proc. ESM98, the 12thEuropean Simulation Multiconference, 1998.[5] T. Lee, U. Nehmzow, R. Hubbold. Faithful Simulation of Autonomous Mobile Robots by Means ofModel Acquisition. Technical Report Series, UMCS-97-12-1, Computer Science Dept., ManchesterUniv., ISSN 1361-6161, 1997.[6] T. Lee, U. Nehmzow, R. Hubbold. Mobile Robot Simulation by Means of Acquired Neural NetworkModels. In Proc. ESM98, the 12th European Simulation Multiconference, 1998.[7] H. H. Lund and O. Miglino. From Simulated to Real Robots. In Proc. IEEE 3rd Int. Conf. onEvolutionary Computation. IEEE Press, 1996.[8] M. M. Trivedi, M. A. Abidi, R. O. Eason, R. C. Gonzalez. Developing Robotic Systems with MultipleSensors. IEEE Transactions on Systems, Man, and Cybernetics. Vol. 20, No. 6, 1990.[9] U. Nehmzow. Autonomous Acquisition of Sensor-Motor Coulpings in Robots. Technical Report Se-ries, UMCS-94-11-1, the Department of Computer Science, Manchester Univ., ISSN 1361-6161, 1994.[10] M. Pasquier, K. Lim. A Novel Approach to Range Sensor Modelling in Robot Simulation. In Proc.ESM98, the 12th European Simulation Multiconference, 1998.[11] K. Song, W. Tang. Environment Perception for a Mobile Robot Using Double Ultrasonic Sensorsand a CCD Camera. IEEE Transactions on Industrial Electronics. Vol. 43, No. 3, 1996.
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