Sensing Planning for Mobile Rob ot Lo calization - Use of Learning Ba y esian Net w ork Structure - *Hong jun Zhou (Ch uo Univ ersit y), Shigeyuki Sak ane (Ch uo Univ ersit y) Abstract| In this pap er w e prop ose a no v el metho d to solv e a kidnapp ed rob ot lo calization problem. A mobile rob ot plans its sensing action for lo calization using learned Ba y esian net w ork’s inference. Concretely , w e represen t the con textual relation b et w een the lo cal sensing results, actions and the global lo calization b eliefs using the Ba y esian net w ork. The Ba y esian net w ork structure is learned from complete en vironmen t information data using K 2 algorithm com bined with GA. The mobile rob ot activ ely plans its sensing action to obtain sensing information ev en t b y taking in to accoun t the trade-o� b et w een global lo calization b elief and the sensing cost. W e ha v e v alidated the learning and planning algorithm b y sim ulation exp erimen t in an o�ce en vironmen t. Key W ords: Ba y esian net w ork, Structure learning, Sensor planning, Mobile rob ot, Lo calization 1. In tro duction W e prop ose a no v el lo calization metho d whic h mo dels the lo cal sensing results, global lo calization and actions in a Ba y esian net w ork 1) ( B N ). The mobile rob ot plans the e�cien t sensing actions to lo calize itself in this B N . The B N predicts the p ossible actions and asso ciate some p ossible sensor data according to these actions, then uses these predicted actions and sensor data to ev aluate the ac- tions b y a criterion of sensing e�ciency (the balance of the global lo calization b elief and the sensing cost). The struc- ture and the parameters (CPTs) of the B N are learned from the en vironmen t information data without heuristics. 2. Gathering En vironmen t Informa- tion Data W e p erformed sim ulation exp erimen ts in an o�ce en vi- ronmen t (Fig.3). In order to obtain the complete en viron- men t information, the mobile rob ot m ust pass all of the corridors and in tersections. T o solv e this problem, w e em- plo y a framew ork of the Chinese p ostman pr oblem (Fig.1). The mobile rob ot is driv en b y a p oten tial metho d in corridors. A laser rang sensor is assumed to b e used, and w e obtain 180-direction distance information in fron t of the mobile rob ot. The mobile rob ot is guided b y the com- mand at eac h in tersection from a command list whic h w as generated b y the next no de algorithm 2) b eforehand. The lab els ( A; B ; :::; L of Fig.3) of in tersection are giv en b y h u- man while the mobile rob ot arriv es eac h in tersection. The landmarks (hollo w in our exp erimen ts) are detected b y �ltering the range data in t w o sides of the rob ot. T o sim- plify the problem, uncertain t y of the lo c al distanc e , i.e., the Fig. 1 (left) A graph represen ting an o�ce. (righ t) A path as a solution of Chinese p ostman problem. lo cal distance b et w een t w o neigh b oring landmarks or b e- t w een a certain in tersection and its neigh b oring landmark, is ignored in curren t system. The geometrical features of the in tersections is recognized b y a sup ervised learning algorithm, supp ort ve ctor machines (SVMs). W e de�ne the en vironmen t information b et w een t w o neigh b oring in tersections to b e an information se gment ( S g ). One se gment in v olv es (1)t w o in tersection lab els, (2)landmarks’s information b et w een the t w o in tersections, (3)the geometrical features of in tersections that are read when the mobile rob ot is en tering eac h one, and (4)action that ho w the mobile rob ot en ters this se gment . The en- vironmen t data of t w o neigh b oring S g is recorded as one data case, and the recorded sensing data is used to learn the B N ’s structure and parameters. 3. Learning Ba y esian Net w ork Struc- ture from Data W e apply a score based searc h metho d, named K 2 al- gorithm 3) , for structure learning of B N . In order to de- crease the searc h scop e, the b est structure searc hing of K 2 algorithm is based on ordering of no des (i.e.,the causal attributes of an attribute should app ear earlier in the or- der). W e apply a genetic algorithm (GA) to searc h the b est ordering as in Ref 4) , and based on this ordering, K 2 can learn the b est structure form en vironmen t information data. As an example, 13 v ariables are de�ned as no des of a Ba y esian net w ork. The no des H ead ( H ), M id ( M ), T ail ( T ) denote order of the in tersections 1 . Num b er of the probabilistic v ariable of in tersection lab els is 12 ( A; B ; :::; L ). The no des A ction1( a 1 ) and A ction2( a 2 ) de- note the actions when the mobile rob ot en ters t w o se g- ments of one case, resp ectiv ely . Probabilistic v ariables of actions are go forwar d, turn left, turn right . The no des Hf, Mf, Tf are de�ned b y geometrical features of in tersections that are sensed when the mobile rob ot en ters eac h one. Num b er of probabilistic v ariables of in tersection t yp es is 6, for example, ? ; + ; > and so on. W e denote the land- marks in eac h se gment b y no des m h 1 ; m h 2 ; m t 1 ; m t 2 , and the no des also include the lo c al distanc e information. W e 1 H ead ( H ) is the �rst in tersection of t w o neigh b oring S g , M id ( M ) is the middle in tersection, and T ail ( T ) is the last one.

Fig. 2 Learned B N ’s structure b y K2 and GA. can represen t a landmark as a v ector ( ge ometric al fe atur e , lo c al distanc e ), probabilistic v ariables of the landmarks tak e four v alues. W e also de�ne a me diating variable b y lab el of ev ery data case, it has 138 probabilistic v ariables. After 100 generations of the GA searc hes, w e obtained the b est ordering. Using the b est ordering, K 2 algorithm generates a B N structure as sho wn in Fig.2. 4. Sensor Planning for Lo calization The planning system consists of three phases: (1) in- fer enc e for lo c alization , (2) pr e diction for sensor planning , and (3) sensor planning for lo c alization . Initially , the mo- bile rob ot mo v es in a certain corridor. While the mobile rob ot gets a new sensing information, the system uses B N to infer the glob al lo c alization b elief . A t some in tersection, if the gathered sensing information is not su�cien t for lo calization, in other w ord, the glob al lo c alization b elief can not exceed a certain thr eshold , the system will predict some action and asso ciate some sensing information in the Ba y esian net w ork. Using these information the rob ot se- lects an optimal sensing action to p erform activ e sensing and lo calize itself. 5. Exp erimen ts Initially , the mobile rob ot starts from in tersection D , and p erceiv ed t w o hollo ws from t w o sides of the corri- dor (from D to K ). The glob al lo c alization b elief is in- ferred b y the learned B N . The probabilit y of H ead ( H ), M id ( M ) and T ail ( T ) is sho wn in Fig.3. W e �nd the b elief of eac h in tersection is to o am biguous to lo calize the mo- bile rob ot(Fig.3(a)). The sensor planner runs at K . The predicted actions are turn left and turn right , the sensor planner tests the glob al lo c alization b elief and sensing cost using eac h predicted actions and some predicted sensing information according to the action. If the mobile rob ot turns left , the mobile rob ot can not get enough sensing information for glob al lo c alization un til it mo v es to the T ail in tersection ( J ), and if the mobile rob ot turn right , the mobile rob ot can obtain enough b elief(Fig.3(b)) with lo w er sensing cost. Therefore, the optimal action at the in tersection K is determined as turn right . (a) (b) Fig. 3 An example of the exp erimen ts of sensor plan- ning for the mobile rob ot lo calization.(In the �g- ure, the real n um b ers in ( ), ( ) with blac k square, ( ) with hatc hed square represen t probabilit y of no de T, M, H resp ectiv ely . 6. Conclusion In this pap er, w e prop ose a no v el sensor planning metho d for the mobile rob ot lo calization using a Ba y esian net w ork. The B N structure is learned from en vironmen t data based on K 2 algorithm com bined with GA. The sen- sor planner predicts p ossible actions and some sensing in- formation according to these actions at a certain am bigu- ous in tersection, and selects optimal plan of sensing action for glob al lo c alization b y taking in to accoun t the trade-o� b et w een global lo calization b elief and the sensing cost. In the future, w e will v alidate the system using a real mobile rob ot. Reference 1) F. V. Jensen, \Ba y esian Net w orks and Decision Graphs," Springer , 2001. 2) J.Edmonds and E.L.Johnson, \Matc hing Euler T ours and the Chinese P ostman," Mathematic al Pr o gr am- ming , 5, pp.88-124, 1973. 3) G. Co op er and E. Hersk o vits, \A Ba y esian metho d for the induction of probabilistic net w orks from data," Machine L e arning , 9:309-347, 1992. 4) P . Larranaga, C. Kuijp ers, R. Murga, Y. Y urramendi, \Learning Ba y esian net w ork structures b y searc hing for the b est ordering with genetic algorithms," IEEE T r ansactions on System , Man and Cyb ernetics . V ol 26. No. 4, 487-493, 1996.