Sensor Planning for Mobile Rob ot Lo calization Using Ba y esian Net w ork Represen tation and Inference Hong jun Zhou 1 , Shigeyuki Sak ane 2 1 Chuo University, T okyo, Jap an, zhou@indsys.chuo-u.ac.jp 2 Chuo University, T okyo, Jap an, sakane@indsys.chuo-u.ac.jp Abstract We pr op ose a novel metho d to solve a kidnapp e d r ob ot pr oblem. A mobile r ob ot plans its sensor ac- tions to lo c alize itself using Bayesian network infer- enc e. The system di�ers fr om tr aditional metho ds such as simple Bayesian de cision or top-down ac- tion sele ction b ase d on a de cision tr e e. In c ontr ast, we r epr esent the c ontextual r elation b etwe en the lo c al sensing r esults and b eliefs ab out the glob al lo c alization using Bayesian networks. Infer enc e of the Bayesian network al lows us to classify ambiguous p ositions of the mobile r ob ot when the lo c al sensing evidenc es ar e obtaine d. By taking into ac c ount the tr ade-o� b e- twe en the glob al lo c alization b elief de gr e e and lo c al sensing c ost, we de�ne an inte gr ate d utility function to de cide the lo c al sensing r ange, and obtain an op- timal sensing plan and an optimal Bayesian network structur e b ase d on this function. We have c onducte d simulation and r e al r ob ot exp eriments to validate our planning c onc ept. 1 In tro duction In a complex en vironmen t, ho w to lo calize a mo- bile rob ot as it mo v es and na vigates autonomously to w ards a goal is a fascinating problem to man y re- searc hers. Un til no w, mobile rob ots ha v e na vigated mainly using a global map constructed from sen- sor information. A mobile rob ot lo calizes itself b y matc hing sensor information to the map then de- cides its b eha vior subsequen tly based on the matc h- ing results. Ho w ev er, since man y uncertain t y factors adv ersely a�ect the na vigation of rob ots in the real w orld, it is often di�cult to use map-based metho ds, particularly when only lo cal information is a v ailable. In this pap er, w e use a Ba y esian net w ork ap- proac h to cop e with suc h uncertain t y . The �eld of Ba y esian net w orks and graphical mo dels has gro wn in recen t y ears and m uc h progress has b een made in the theoretical analysis [2] as w ell as its applica- tions to real problems [5][6]. Ho w ev er, less progress has b een made in its application to sensor planning of rob ots. Ba y esian net w orks allo w us to represen t causal and con textual relations b et w een sensing data or evidences and b eliefs ab out the global situation in a natural manner. Consequen tly , the approac h pro- vides a sound basis for dealing with uncertain t y in sensor planning for mobile rob ot lo calization. 2 Previous Studies Some Ba y esian approac hes to mobile rob ot na vi- gation and lo calization ha v e b een prop osed. Thrun et al.[3] prop osed lo calization of a mobile rob ot us- ing a particle �lter. The particle �lter resamples and up dates the b elief of lo calization, and estimates the maximal p osterior probabilit y densit y for lo caliza- tion. Ho w ev er, the rob ot mo v es randomly rather than using sensor planning. Moreo v er, the system dep ends on distance information from the wheel en- co der, and the en vironmen t information(to b e prior kno wledge or probabilit y) is assumed to b e static[4]. Ho w ev er, with wheelless rob ots it is v ery di�cult to get accurate distance information using an o dometer, and w e ha v e to consider ho w to cop e with a dynamic en vironmen t. In this pap er, w e represen t the causal and con textual relations of the sensing results and global lo calization in a Ba y esian net w ork[2], and pro- p ose a sensor planning approac h based on Ba y esian net w ork inference to solv e the dynamic en vironmen t in whic h w e can not use accurate distance informa- tion. Asoh et al.[6] dev elop ed a system to com bine lo cal information for lo calization via a previously designed Ba y esian net w ork, but the system could not activ ely plan ho w the mobile rob ot should gather sensing in- formation. Basy e et al.[9] built planning and con- trol systems that in tegrated sensor fusion, prediction, and sequen tial decision-making using a temp oral b e- lief net w ork. Kristensen[1] prop osed a mobile rob ot sensor planning approac h based on a top-do wn de- cision tree algorithm. Since the system has to com- pute the utilit y v alues of all p ossible sensor selections in ev ery planning step, the planning pro cess is v ery complex. Moreo v er, this system did not represen t the con textual relations of lo cal sensing results and the global lo calization. Miura et al.[7] also de�ned a utilit y v alue based on sensing cost and sensing un-

Figur e 1: (a) When the do or(B) is close d, the mo- bile r ob ot navigates to the go al(E) only by the lo c al sensing information. (b) While the do or is op en, the mobile r ob ot may mistake B for D. (c) The mobile r ob ot plans the sensing action to gather evidenc es to distinguish which is \ true D " using Bayesian net- work infer enc e. certain t y to plan the sensor action for mobile rob ot na vigation, ho w ev er, the system only applied a sim- ple Ba y esian rule. Outside of the mobile rob ot �eld, Ba y esian net w orks ha v e also b een used in vision ac- tion planning for the next view problem[8]. In this pap er w e prop ose a sensor planning system for mobile rob ot lo calization. The system decreases the uncertain t y of the global lo calization and classi- �es the am biguous p ositions via the inference of the Ba y esian net w ork. 3 Uncertain t y in lo calization W e describ e the uncertain t y in lo calization whic h w e consider in this pap er. As sho wn in Fig. 1(a), initially , a mobile rob ot recognizes the lo cal sensor information ( C, E, D or B ), so that it ma y na vigate from a \ start " p oin t to an in tersection D and arriv e at a go al E while the do or (at an in tersection B ) is closed. Ho w ev er when the do or (at the in tersection B )(Fig 1(b)) is op en, the lo cal sensing information at B and D will b e iden tical. Therefore, the mobile rob ot cannot distinguish whic h in tersection is correct to na vigate itself to the go al E based on only the previously learned mo del of the lo cal sensing. That is, if there are some in tersections with the same lo cal sensing information in a na vigation path, ho w can the system recognize whic h is \ true D ", i.e., whic h in tersection could guide the rob ot to the goal E ? T o solv e this problem, w e dev elop ed a system to infer the b elief of the D (Fig 1(c)). T o resolv e the ab o v e problems, w e use a t w o-la y ered arc hitecture to plan the sensor’s action to lo calize a mobile rob ot. The system consists of low level ac- tion c ontr ol (LLA C) and high level infer enc e (HLI) capabilities. The low level action c ontr ol (LLA C) iden ti�es lo cal sensor patterns of a limited sensor in- formation space and directly maps these patterns to the motor command space. Ho w ev er, since the sen- sor capabilit y is limited in the real w orld and the pat- terns ma y c hange dep ending on the en vironmen t, it is di�cult to lo calize and na vigate the rob ot correctly to the goal only b y this con trol lev el. Therefore, the system emplo ys high level infer enc e (HLI) to esti- mate the rob ot’s p osition based on con textual rela- tions of lo cal sensor information. W e asso ciate the lo cal sensing information to a \no de" of the Ba y esian net w ork, then the system constructs/reconstructs these sensing information no des in to a Ba y esian net- w ork in whic h w e can ev aluate b elief of the global lo calization. 4 Lo w lev el action con trol In the sim ulation exp erimen t, the mobile rob ot is basically driv en b y a p oten tial metho d. When a mo- bile rob ot comes to an in tersection (suc h as ? , + , > ), the rob ot’s action is determined b y a sensor map- ping function. Here, w e emplo y a three-la y ered bac k propagation neural net w ork to map the sonar sensing information to a motor command space. The neural net w ork is only used for recognition of in tersections, but w e also can use some distinct landmarks. F or example, some color landmarks are emplo y ed in our real rob ot exp erimen ts. The \low level action c ontr ol" leads the mobile rob ot to searc h for a goal and gather the sensing ev en t. The motor command space is de�ned b y a h uman, in other w ords, the mobile rob ot’s searc h range is de�ned b y a h uman. T o simplify the prob- lem, the system only allo ws the mobile rob ot to w ork in a partial en vironmen t. 5 High lev el inference 5.1 Activ e sensing for lo calization using Ba y esian net w ork inference As sho wn in Fig. 1(b), the b elief of p osition D at the in tersections ( B or D ) can b e obtained from the follo wing function. B el ( D ) = P ( D j f ) (1) wher e B el ( D ) � ! the b elief of p osition D at the interse ctions B or D P ( D j f ) � ! the p osterior pr ob ability supp orte d by sensor fe atur e f only. Since the lo cal sensor information of B is iden tical with that of D , the mobile rob ot can not lo calize it- self reliably only b y the lo cal sensing pattern Eq.(1), while it tra v els from the \ Start " p oin t to the in ter- section D directly(Fig.1(a)). T o o v ercome the di�cult y and searc h the \ true D ", the mobile rob ot p erforms activ e sensing as sho wn b y the solid line tra jectory in Fig.1(b)(c). This time w e can obtain the b elief of D at the in tersections ( B or D ) from the follo wing function: B el ( D ) = P ( D j f ; s 1 ; :::; s n ) (2)

Figur e 2: Construction and r e c onstruction of the Bayesian network for sensor planning Figur e 3: L o c al network of Bayesian network. Ev- ery lo c al network is c onstructe d by e ach interse ction ’s active sensing no des. Note that s 1 ; :::; s n are the sensing no des generated b y activ e sensing. These sensing no des are obtained from v arious sensors (for instance, range sensor, vi- sion sensor, acoustic sensor, etc.) and di�erence in the p osition of features along the path. W e construct the Ba y esian net w ork as sho wn in Fig.2(b) to calcu- late the B el ( D ) at the in tersections ( B or D ). Sens- ing no des propagate the evidences bac kw ard to the no de D . B el ( D ) of the in tersection D is increased while B el ( D ) of the in tersection B is decreased. 5.2 Lo cal Ba y esian net w ork construction W e asso ciate the sensing no des of a corridor at eac h in tersection to a \lo c al network" (Fig. 3). If there are some sub-corridors in a certain corridor, some no des named hidden state no des (H) are de�ned in the \lo c al network" . W e asso ciate a hidden state no de with a sub-corridor. Sensing information of the sub-corridor corresp onds to c hild no des of the hidden state no des (H) (see Fig.7 and Fig.8). W e assume the mobile rob ot can recognize a goal only b y lo cal sensing. When the mobile rob ot detects an in tersection (for example, B 1 ; B 2 ; D of Fig.7) whic h seems to guide the mobile rob ot to a goal, the mobile rob ot b egins to searc h the goal in its corridor. If there are some sub-corridors (or subsub-corridors), the mobile rob ot en ters in to ev ery sub-corridor (or subsub-corridor) b y follo wing the w all to searc h the goal. The searc h action is �nished when the mobile rob ot �nds the goal (+) or lo cal en vironmen t > (for example, C 1 ; C 2 ; C 3 ; C 4 of Fig.7). The mobile rob ot stops the searc h action, then turns bac k to the pre- vious path, and records the sensing information of b oth sides of the sub-corridor (or subsub-corridor) un til it comes bac k to the en try of the sub-corridor (or subsub-corridor), (for example, F 2 ; F 3 of Fig.7). In this searc hing and gathering information pro cess, the mobile do es not searc h all of the en vironmen t. W e also can plan the rob ot to gather all of the en- vironmen t information in some path planning meth- o ds, but this sub ject is not addressed in this pap er. 5.3 Sensing no des represen tation The mobile rob ot can remem b er its orien tation, actions (for example, \turn b ack" or \go forwar d" ) and remem b er orders of sensing information in the sub-corridor (or subsub-corridor). Using this infor- mation the mobile rob ot can distinguish the sensing information (sensing no des) in the same sub-corridor (or subsub-corridor). In the same w a y , the mo- bile rob ot can distinguish and lab el the sub-corridor (or subsub-corridor) of eac h corridor (for example, B 1 to C 1 , B 2 to C 2 , D to E of Fig.7). The mo- bile rob ot represen ts the p osition relation b et w een the corridors and sub-corridors as a p osition r elation tr e e , in whic h sub-corridors are c hild no des of its up- p er la y er corridor’s (or sub-corridor) no de. The mobile rob ot represen ts the sensing informa- tion (sensing no de) as p osition p and sensing fea- ture f of the en vironmen t. W e lab el the in tersec- tions as coun ting n um b er in the searc h order searc h. W e also lab el the sensing no des in p osition r ela- tion tr e e . W e represen t the p osition in a v ector ( N c ; N sc ; N ssc ; :::; or der ). N c ; N sc ; N ssc ; ::: denote the corridor lab els, for example, in Fig.7, w e can rep- resen t the sensing no de S 5 as v ector ( D ; F 3 ; or der ), the or der corresp onds to that of sensing information, when the mobile rob ot turns bac k to gather them in eac h corridor (or sub-corridor). W e use the v ectors and sensing feature ( f ) to categorize these sensing no des of lo c al networks . 5.4 Reconstruction of the Ba y esian net w ork for sensor planning W e can obtain B el ( D ) from Eq. (2), ho w ev er w e ha v e not considered the sensing cost. By taking in to accoun t the balance b et w een b elief and the sensing cost, w e prop ose an in tegrated utilit y function and a reconstruction algorithm of the Ba y esian net w ork for sensor planning. W e de�ne an in tegrated utilit y ( IU ) function (Eq. 3) in whic h w e can adjust the priorities of the t w o criteria (b elief and sensing cost). Dep ending on the balance b et w een sensing cost and b elief, w e obtain di�eren t planning results of rob ot b eha vior for lo cal- ization.

IU i = t � �Bel i + ( 1 � t ) � ( 1 � Cost i P i Cost i ) (3) where �Bel i = j 0 : 5 � Bel i j (4) IU i denotes the in tegrated utilit y ( IU ) v alue of sens- ing no de i , Cost i denotes the sensing cost of sensing no de i , Bel i denotes the Ba y esian net w ork’s b elief while the mobile rob ot just obtains the evidence of activ e sensing i only , and �Bel i represen ts certain t y of the b elief of sensing no de i whic h con tributes to the Ba y esian net w ork. The maxim um v alue of �Bel i is 0.5 when Bel i = 0 or 1, and the minim um is 0 when Bel i = 0 : 5. The IU v alue will increase with increas- ing b elief and will decrease with increasing sensing cost. W e use a parameter t (0 � t � 1) to balance sensing cost and b elief. The reconstruction algorithm has t w o steps. STEP (1) completes the re�ning pro cess of eac h lo cal net- w ork. In other w ords, the Ba y esian net w ork will b e reconstructed from ev ery lo c al network (activ e sensing no des of ev ery in tersection) using the IU function. STEP (2) com bines the lo cal net w orks to the global Ba y esian net w ork. Reconstruction Algorithm: 1. Initialization of Ba y esian net w ork : The mobile rob ot p erforms activ e sensing at ev- ery in tersection, and constructs an original Ba y esian net w ork as sho wn in Fig. 3 using all of these sensing no des. 2. STEP (1) : Re�ne the lo cal net w ork. F or example, the system re�nes the lo cal net w ork k (the sensing no des of a in tersection k ) of Fig.3 b y the follo wing algorithm: � Chec k the � B el i of ev ery terminal sensing no de, remo v e the no de whic h satis�es � B el i < �. (� (0 < � < 0 : 5) is a threshold of � B el i < �. When � B el i < �, w e consider that the sens- ing no de has no capabilit y to lo calize the mo- bile rob ot.) � IF the n um b er of surviv ed no des (� B el i > �) is not zero, THEN sort the surviv ed sensing no des ac- cording to their IU v alues, IU ki = max k f I U g , ( k denotes the sensing no des’ group of in tersection k .) Sa v e this sensing no de that has IU ki , and re- mo v e the other no des. � ELSE execute \com bining pro cess" to com bine the sensing no des to impro v e the b e- lief un til the sensing no de set has enough � B el to distinguish the other in tersections. 3. STEP (2): Com bine all of the lo cal net w orks to construct the global Ba y esian net w ork : (a) Re�ne ev ery lo cal net w ork (ev ery in tersection) based on the STEP (1) algorithm. (b) Com bine the lo cal net w orks to reconstruct a new global Ba y esian net w ork. (c) Finally , compare the terminal no des (or ter- minal sensing no de sets com bined b y \com- bining pro cess" ), if they ha v e exclusiv e re- lation, 1 then remo v e one side, and sa v e the others. 4. Com bining pro cess of lo cal net w ork : (a) Generate all com binations of sensing no des in a lo cal net w ork. (b) Calculate the IU v alue of the com bined sens- ing no de sets whic h has � B el ( set ) > �, then sort these no de sets based on IU v alue. (c) Lea v e the sensing no de set j , whic h has IU ( set j ) = max f I U set g , and remo v e the other no de sets. 6 The Protot yp e System The mobile rob ot (B14, Real W orld In terface) is equipp ed with a P en tium CPU, 16 sonar sensors, a color CCD camera. A desktop PC running Lin ux is used for the serv er of the Ba y esian net w ork inference (HLI) , and it transfers the calculated b elief to the rob ot via a so c k et stream. F or the soft w are in our protot yp e system, w e im- plemen ted the Ba y esian net w orks in C. The system calls the B14’s soft w are library (Bee Soft) to driv e the mobile rob ot. W e implemen ted a three-la y ered Bac k Propagation Neural Net w ork (BPNN) to na vigate the mobile rob ot b y low level action c ontr ol (LLA C) . 7 Exp erimen ts W e conducted exp erimen ts to v alidate the e�ectiv e- ness of our system using a sim ulator and a real rob ot (B14). 7.1 Assumptions of exp erimen ts T o simplify the calculation, our exp erimen ts ha v e the follo wing assumptions: 1. The structure of the Ba y esian net w ork is determined b eforehand. 2. The prior probabilistic distribution (conditional probabilit y table (CPT) ) of sensing no des is ac- quired b y measuring the frequencies of the ev en ts. 3. W e omit the uncertain t y of lo cal mo ving distance of the mobile rob ot. The mobile rob ot ma y ex- actly estimate the lo cal mo ving distance b et w een eac h landmark, and compare the lo cal p osition of 1 W e de�ne the exclusiv e relation as S a = S b . If the rob ot obtained an evidence S a , an evidence S b will b e ignored. F or example the relation of S 5 and S 6 in Fig.1.

ev ery landmark and other sensing information to construct CPT s (conditional probabilit y tables) of all of the sensing no des while it is mo ving in the w orkspace. 7.2 Exp erimen t using a sim ulator (1) Firstly , w e made an o�ce en vironmen t (Fig. 4) that has three in tersections to v alidate our r e- c onstruction algorithm . If the mobile rob ot has lo cal sensing only , it can not recognize D whic h guides the rob ot to the goal E . The mobile rob ot will turn left at eac h in tersection ( B1, B2 or D ) to attempt to lo cate the goal E . The searc h of eac h in tersection will b e �n- ished when the mobile rob ot p erceiv es that the lo cal en vironmen t is C 1 or C 2 ( > ). Then the mobile rob ot turns bac k to gather the activ e sensing no des up on receiving some instruction giv en b y a h uman, and records all of the sensing no des (w e can obtain sonar distance information only). T o distinguish D from B1 (and B2 ) and construct the conditional proba- bilit y table (CPT) of ev ery sensing no de, the mobile rob ot turns bac k at a goal E and records the sensing no des. The original Ba y esian net w ork is constructed as sho wn in Fig. 5 (a). Consequen tly , w e will reconstruct the original Ba y esian net w ork using the r e c onstruction algorithm . W e can c hange the parameter t of the IU function (Eq.3), and the planned activ e sensing action will b e di�eren t dep ending on the v alue of t . Fig. 4 (up) sho ws the activ e sensing tra jectory for lo calization of the mobile rob ot when the parameter t = 1. In this case, the mobile rob ot only fo cuses on the b elief and do es not consider sensing cost. The reconstruc- tion pro cess and the v alue and b elief of ev ery sensing no de IU are illustrated in Fig. 5 (b) and (c). When t = 0 : 3, w e obtain the results of the IU v alue of sensing no des as sho wn in Fig. 6 (c). After the re- construction pro cess based on the IU v alue, w e will acquire a new reconstructed Ba y esian net w ork (Fig- ure 6 (b)); the planned action of the mobile rob ot is sho wn in Fig. 4 (do wn). (2) W e build a more complex en vironmen t to de- scrib e the problem as sho wn in Fig. 7. In the same w a y as in the previous exp erimen ts, the mobile rob ot initially na vigates b y LLA C , and gathers informa- tion to mak e CTP s of the sensing no des and an orig- inal Ba y esian net w ork (Fig. 8 (a)) In Fig. 7, there are t w o hidden in tersections ( F 2 ; F 3 ) after passing in tersections B 2 and D , re- sp ectiv ely . W e assume some hidden states ( H 2 and H 3 ) exist in the Ba y esian net w ork. H 2 (or H 3 ) de- notes the sensing no de sets of the hidden in tersec- tions F 2 (or F 3 ). W e represen t the causal relation b et w een sensing no des and hidden states as sho wn in Fig. 8 (a) ( C 3 and S 3 ’s paren t is H 2 ; C 4 and S 5 ’s paren t is H 3 ). The sensed evidence will b e propa- Figur e 4: The mobile r ob ot navigate d fol lowing the solid line tr aje ctory using infer enc e of the r e- c onstructe d Bayesian network. (up) t = 1 ; (down) t = 0 : 3 . gated from terminal no des to hidden states no des ( H 2 or H 3 )), then D ’s b elief will b e up dated b y propagation of the hidden no de’s probabilit y . When the t v alue (Fig. 8 (c)) of IU function is 0 : 3, the orig- inal Ba y esian net w ork (Fig. 8 (a)) is reconstructed as Fig. 8 (b). Figure 7 (do wn) sho ws the planned path for lo calization of the mobile rob ot. 7.3 Real rob ot exp erimen ts T o v alidate our algorithm in a real en vironmen t, w e built an exp erimen tal en vironmen t (Fig. 9), and the mobile rob ot p erformed w all-follo wing using sonar sensors and lo cal sensing using vision. A CCD cam- era is moun ted on the rob ot to recognize the lo cal en vironmen t (color landmark). Initially , when the do or(B) is closed, the mobile rob ot recognizes the lo cal sensor patterns for lo calization and na vigation using lo w lev el sensor information pro cessing (color landmark) (Fig.9(a)). While the do or(B) is op en, in the same w a y as in the previous sim ulation ex- p erimen ts, since the mobile rob ot cannot lo calize it- self only b y lo cal sensing information, activ e sens- ing is p erformed using the sonar sensor (lo oking for some hollo ws on the w alls). The mobile rob ot can observ e the lo cal sensor information (landmark) b y vision to decide whether the p osition is the goal. The mobile rob ot p erforms activ e sensing using the sonar sensor while it senses the p osition C is not the goal (Fig.9(b)(left) and (c)(left)), and constructs the CPT s of ev ery sensing no de. The original Ba y esian net w ork is constructed follo wing the rob ot’s mo v e- men t (Fig.9(b)(righ t) and Fig.9(c)(righ t)). Based

Figur e 5: R e c onstruction of the Bayesian network in exp eriment 1 while t = 1 . on our reconstruction algorithm, w e can obtain a t v alue ( t = t 0 ) to balance the lo calization b e- lief and sensing cost (Fig.9(d)). Consequen tly , the mobile rob ot plans its action to obtain the activ e sensing ev en t(Fig.9(e) and (f )) and infers the lo- calization( Bel(D) ) of itself using the reconstructed Ba y esian net w ork(Fig.9(d)(righ t)). 8 Conclusions W e prop osed a no v el metho d of sensor planning for mobile rob ot lo calization using Ba y esian net w ork represen tation and inference. W e can represen t con- textual relations b et w een lo cal sensing results and global lo calization of a mobile rob ot in a Ba y esian net w ork. Inference of the Ba y esian net w orks allo ws us to classify am biguous p ositions of the mobile rob ot when the lo cal sensing evidences are obtained. By taking in to accoun t the sensing cost and lo calization b elief degree, w e de�ne an in tegrated utilit y function to decide the sensing range. The function allo ws us to reconstruct the Ba y esian net w ork and obtain the optimal sensor plan for lo calization. The exp erimen- tal results of the sensor planning for a mobile rob ot demonstrate the usefulness of the prop osed system. Our future plans include the follo wing: (1)to learn the structure of the Ba y esian net w ork from proba- bilistic data, and (2)to v alidate our concepts using other applications. References [1] S.Kristensen, Sensor Planning with Bayesian De cision A nalysis , PhD thesis, F acult y of T ec hnology and Sci- ence, Aalb org Univ ersit y , Aalb org, Denmark, 1996. Figur e 6: R e c onstruction of the Bayesian network in exp eriment 1 while t = 0 : 3 . [2] J.P earl, Pr ob abilistic R e asoning in Intel ligent Sys- tems: Networks of Plausible Infer enc e , Morgan Kauf- mann, 1988. [3] S.Thrun, D.F o x, W.Burgard, and F.Dellaert. \Ro- bust Mon te Carlo Lo calization for Mobile Rob ots", Arti�cial Intel ligenc e (AI) , 2001. [4] S. Thrun, "Probabilistic Algorithms in Rob otics", AI Magazine , 21(4):93-109, 2000. [5] E.Horvitz, J.Breese, D.Hec k erman, D.Ho v el, K.Rommelse, \The Lumiere Pro ject: Ba y esian User Mo deling for Inferring the Goals the Needs of Soft w are Users," Pr o c. of the 14th Conf. on Unc ertainty in A rti�cial Intel ligenc e , pp.256-265, 1998. [6] H.Asoh, Y.Motom ura, I.Hara, S.Ak aho, S.Ha y amizu, and T.Matsui, \Com bining Probabilistic Map and Di- alog for Robust Life-long O�ce Na vigation," Pr o c. of the Int. Conf. on Intel ligent R ob ots and Systems (IROS’96) , pp.880-885, 1996. [7] J. Miura and Y. Shirai, \Vision-Motion Planning for a Mobile Rob ot considering Vision Uncertain t y and Planning Cost," Pr o c. 15th Int. Joint Conf. on A rti- �cial Intel ligenc e , pp.1194-1200, 1997. [8] R.Rimey and C.Bro wn, \Con trol of Selectiv e P er- ception using Ba y es Nets and Decision Theory ," Int. Journal of Computer Vision , V ol.12, pp.173-207, 1994. [9] Kenneth Basy e, Thomas Dean, Jak Kirman, and Moi- ses Lejter, \A Decision-Theoretic Approac h to Plan- ning, P erception, and Con trol", IEEE Exp ert , V ol.7, Num b er 4, P ages 58-65, 1992.

Figur e 7: (up) The mobile r ob ot navigates itself by LLA C and some tutorial c ommands to se ar ch the go al ( E ) and actively gathers the sensor information to c onstruct the CPT s of every sensing no de and original Bayesian network. (down) The mobile r ob ot is navigate d fol lowing the solid line tr aje ctory us- ing infer enc e of the r e c onstructe d Bayesian network ( t = 0 : 3 ) . Figur e 8: R e c onstruction of the Bayesian network which has hidden states. (a) (b) (c) (d) (e) (f ) Figur e 9: R e al r ob ot exp eriments of lo c alization