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tNot widely known by the AI 
ommunity, elevator 
ontrol has be
ome a major �eld of ap-pli
ation for AI te
hnologies. Te
hniques su
h as neural networks, geneti
 algorithms, fuzzyrules, and, re
ently, multi-agent systems and AI planning have been adopted by leading el-evator 
ompanies not only to improve the transportation 
apa
ity of 
onventional elevatorsystems, but also to revolutionize the way in whi
h elevators intera
t with and serve passen-gers.In this paper, we begin with an overview of AI te
hniques adopted by this industry andexplain the motivations behind the 
ontinuous interest in AI. We review and summarize pub-li
ations that are not easily a

essible from the 
ommon AI sour
es. In the se
ond part, wepresent in more detail a re
ent development proje
t to apply AI planning and multi-agentsystems to elevator 
ontrol problems.1 Challenge of EÆ
ient Verti
al TransportLike many other industries, the elevator industry is 
urrently fa
ing two main 
hallenges: (1) The
ontinuous pressure to lower 
onstru
tion 
osts of buildings requires that the 
ore spa
e o

u-pied by an elevator installation be redu
ed and that transportation performan
e be signi�
antlyimproved. (2) In
reasing 
ompetition requires a diversi�
ation strategy to provide new and indi-vidually tailored servi
es to passengers.Most of the physi
al 
omponents of an elevator (e.g., drives and shaft installations) are invisibleto the passenger and 
an be ex
hanged without even being noti
ed, but the available servi
es andtheir quality determine how an elevator installation is per
eived by the 
ustomer.Not surprisingly, elevator 
ompanies have developed a demand for new te
hnologies and areadopting AI te
hniques to address the aforementioned goals. To understand the underlying 
ontrolissues, let us re
all how elevators usually work.1.1 Ma
hines Intera
ting with HumansMost buildings are equipped with an elevator group installation 
omprising two to eight 
ars.Humans intera
t with these systems by pressing a 
all button, whi
h issues a pi
kup 
all at the 
oorin question. In many 
ases, there are two 
all buttons|up and down|for humans to indi
ate theirdesired travel dire
tion. In larger buildings, a display may give the waiting passenger informationabout where the 
ars are 
urrently lo
ated in the building. More 
ommonly, passengers do notknow where the elevators are, in whi
h dire
tion the 
ars are going, nor whi
h 
ar will serve them.Thus, while waiting, users typi
ally s
an the elevator doors. If made to wait too long, they often�The views in this arti
le represent the personal views of the authors and not ne
essarily the oÆ
ial viewsof S
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be
ome impatient and press the 
all button again, sometimes even in both dire
tions in theirun
ertainty whether the system has re
orded their 
all. People have been observed to press allpossible buttons again and again, apparently in the irrational belief that this will make an elevatorarrive sooner.When the elevator arrives, passengers enter the 
ar and press the desired 
oor buttons, whi
hissues a 
abin 
all from that parti
ular 
ar. Sometimes passengers 
hange their minds and pressadditional 
oor buttons, or they might hold doors open for other passengers, or get o� at a di�erent
oor than originally intended.Passengers throughout the building intera
t with ea
h other when using elevators, but they areusually not aware of this intera
tion. For example, holding doors open is a 
ourtesy to a parti
ularpassenger, but it is not 
ooperative behavior towards the passengers waiting on other 
oors for thesame elevator. From a passenger's point of view, a short waiting time and a short journey time,i.e., the time to rea
h the destination 
oor with as few intermediate stops as possible, are desirablewhatever the demand for elevator transport may be.Elevator 
ontrol software fa
es the same s
enario, but from a very di�erent perspe
tive. It
onsiders the 
ars, ea
h having a number of pi
kup 
alls and 
abin 
alls to serve, the 
urrent 
oorposition, and the 
urrent travel dire
tion of ea
h 
ar. Some of the 
oors to be served may lie\ahead" of the 
ar given the 
urrent travel dire
tion, others may lie \behind" it, requiring the 
arto turn around and head in the opposite dire
tion. Usually, the time of a pi
kup 
all is registered,whi
h allows predi
tions to be made as to the waiting times of passengers at that parti
ular 
oor,but the 
ontrol software typi
ally does not know how many passengers are waiting there and towhi
h 
oor these passengers want to travel. Based on this limited information, the 
ontrol has todispat
h 
ars, i.e., to sele
t a parti
ular 
ar to serve a parti
ular pi
kup 
all and redispat
h 
arswhen the traÆ
 situation 
hanges. In any 
ase, 
oors should be served as qui
kly as possible inorder to minimize a passenger's waiting time. However, it is 
ommon knowledge in the elevatorindustry that minimizing waiting times alone is not suÆ
ient to obtain a good 
ontrol algorithm.Two main 
riteria are used to evaluate an elevator 
ontrol algorithm. First, the so 
alled HC5%value spe
i�es the handling 
apa
ity of a group of 
ars within �ve minutes in terms of the per
entageof the building population that is served. It is either measured empiri
ally in a simulation run or
omputed dire
tly using agreed-upon analyti
al methods [4, 39℄. A good installation should beable to transport at least 14% of the building's population within �ve minutes. For example inthe 
ase of 2000 inhabitants, a group of 
ars should be able to transport at least 280 passengerswithin �ve minutes. Se
ond, the average and maximum waiting and journey times are determined(again either empiri
ally or analyti
ally), and this in turn determines the quality of servi
e, whi
his also dire
tly per
eived by the passengers. The lower the resulting times, the better a 
ontrolalgorithm is rated. Short journey times relate dire
tly to a high HC5% value, but humans 
aremu
h more about short waiting times. As for waiting times, it is not important to redu
e averagewaiting times from 32 to 28 se
onds, for example, but it is psy
hologi
ally very important to avoidlong waiting times of up to 60 se
onds and more.In this s
enario, any te
hnology that 
an address the following questions is of interest to elevator
ompanies:� What is the obje
tive fun
tion for a group dispat
hing algorithm? Almost no information ispublished by 
ompanies about the obje
tive fun
tions they use in their 
ontrol algorithms.Usually, a vague \
ombination of waiting and journey times" is minimized, but whi
h fun
tionwould yield the best possible results still seems to be an open question.� How 
an a 
ontrol system a
quire additional information about passenger needs? In parti
-ular, how 
an it �nd out how many passengers are waiting at a 
oor, how fully loaded a 
aris, and where the passengers want to go?� How 
an the performan
e of the 
ontroller be improved? Is it possible to dete
t and predi
tpatterns of traÆ
 based on the 
urrently available information and/or previously learned2



patterns? How 
ould su
h information be exploited by a 
ontrol algorithm?� How 
an passenger interfa
es be improved beyond the simple buttons? How 
an passengerswith spe
ial needs be better served?In the following, we give an overview of AI-based approa
hes that have been explored by elevator
ompanies in the past to address these issues.1.2 How many Passengers are Waiting?The a
quisition of traÆ
 information is the attempt to 
apture pre
ise data about the entry anddestination 
oors of passengers [24℄. In the simplest 
ase, manual surveys are 
ondu
ted by havinghuman observers 
ount passengers going in and out of 
ars. The observers are either pla
ed inthe 
ars or at the main lobby. Alternatively, videotaped re
ordings 
an be manually analyzedor a 
ounting unit 
an be linked to the 
ontrol system re
ording pi
kup and 
abin 
alls, whi
hwould allow some 
on
lusions to be drawn about the relationship between entry and exit 
oors. Inaddition, a

urate weighing devi
es in the 
ar 
oor would allow the 
abin load to be determinedbefore and after a stop and thus a more or less a

urate 
ount of passengers to be derived fromthe measured loads. More advan
ed 
omputer vision te
hnology has been proposed to dete
t thenumber of persons waiting at a parti
ular 
oor, but tra
king individuals moving on and o� thes
ene proved to be a tri
ky issue as the lighting 
onditions vary from building to building andwaiting passengers are mu
h less stati
 in their behavior than originally assumed. Vision-basedapproa
hes reported an a

ura
y of 80{85% [28, 36℄, but are still too 
ostly to be used regularly.Counting and measuring attempts aim to 
al
ulate the passenger arrival rate at ea
h 
oor,i.e., how many passengers arrive per minute averaged, for example, over the past �ve minutes,as well as the probability distribution over entry and destination 
oors for all possible 
oor pair
ombinations.1 This information 
an be used dire
tly in a 
ontrol algorithm, e.g., by serving 
oors�rst that have a high arrival rate [32℄. Another possibility is to 
al
ulate more abstra
t traÆ
patterns from this data.1.3 TraÆ
 Patterns, Expert Rules, and LearningTraÆ
 patterns attempt to 
apture the 
ow of passengers at a more abstra
t level. Three mainpatterns 
an be identi�ed:� Up-peak: Passengers enter at the lobby 
oor and request upwards transportation.� Down-peak: Passengers request downward transportation from all 
oors to the lobby.� Inter
oor: Passengers request upward or downward transportation between 
oors, but notto or from the lobby.Other patterns 
an be de�ned by spe
ifying the proportions of the three basi
 patterns that
onstitute them, e.g., a prototypi
al noon peak pattern at lun
h time 
an be de�ned 
onsistingof 45% up-peak, 45% down-peak, and 10% inter
oor traÆ
. Of 
ourse, traÆ
 patterns varythroughout the day and a real traÆ
 pattern will always be some 
ombination of the basi
 patterns.In the late 1980s, traÆ
 patterns were an ideal starting point for the development of expertsystems to dispat
h elevators [1, 38℄. Given (1) a set of prede�ned patterns, (2) passenger 
ountsgathered over a 
ertain period of time, and (3) rules a
quired from human lift experts, the ex-pert system would determine the 
urrently predominant pattern and issue prede�ned dispat
hingde
isions related to this pattern. Unfortunately, several problems prevented a wide adoption of1This probability distribution represents information su
h as \
urrently, when pi
king up passengers at the mainlobby, 80% want to go to the restaurant 
oor, whereas 5% ea
h want to go to 
oors 4, 7, 8, and 10".3



expert systems. First, identifying a 
lear pattern proved to be nontrivial, as most buildings usu-ally show a varying mix of di�erent traÆ
 
ows. Se
ond, the well-known problems of 
apturingexpert knowledge, a

ounting for in
onsisten
ies, and maintaining the underlying rule set madethe approa
h diÆ
ult to use. A further diÆ
ulty arose from the fa
t that although 
ertain traÆ
situations might look very similar, they 
an require very di�erent dispat
hing de
isions.As a result of this experien
e, fuzzy logi
 and fuzzy rules be
ame popular in the early 1990s.Fuzzy logi
 was used to des
ribe traÆ
 patterns at a more �ne-grained level, and fuzzy ruleswere embedded into expert systems to implement more 
exible inferen
e me
hanisms [40, 41℄. Atypi
al approa
h of how fuzzy rules are used for elevator 
ontrol is des
ribed in [31, 34℄. With thisapproa
h, the intensity of ea
h traÆ
 
ow is des
ribed with fuzzy variables su
h as high, low, ormedium. Fuzzy rules are then used to determine the predominant traÆ
 pattern, whi
h in turnin
uen
es the elevator 
ontrol. For example, a simple rule su
h as \if intensity is heavy, in
omingtraÆ
 is high, outgoing traÆ
 is low, and inter
oor traÆ
 is low, then traÆ
 type is heavy up-peak"would trigger a spe
i�
 
ontrol algorithm that sends any idle elevators immediately down to themain lobby.2The usefulness of abstra
t patterns to guide prede�ned dispat
hing de
isions proved to be ratherlimited. Many experts believe today that it is impossible to make predi
tions about traÆ
 
owsthat are a

urate enough to provide useful information.In the mid-1990s, neural networks be
ame a popular way to allow for 
ertain learning abilities ofthe 
ontrol algorithm. In an early approa
h des
ribed in [37℄, neural networks were used to identifyone out of �ve prede�ned traÆ
 patterns after being trained on a set of simulated situations. Thisapproa
h was still very similar to the earlier developments of expert systems and thus did notover
ome the limitations of pattern-triggered rules.A more interesting and mu
h more 
omprehensive development based on neural networks hasbeen 
ondu
ted by OTIS [25, 42℄. With this approa
h, the dispat
hing de
ision is based on theestimated remaining response time (RRT) of ea
h 
ar, i.e., the time a 
ar still needs to travelbefore it rea
hes the pi
kup 
oor. This time is estimated based on the distan
e to travel and theintermediate stops a 
ar has to exe
ute before it rea
hes the desired 
oor. Un
ertainty arises fromthe unknown number of passengers boarding and exiting during a stop, whi
h makes it diÆ
ultto predi
t when a 
ar will depart, and from the unknown destinations 
hosen by subsequentpassengers, whi
h may well result in additional (yet unknown) intermediate stops. The task ofthe neural network is to predi
t the RRT as a

urately as possible. The network is trained in asimulation environment, whi
h allows the predi
ted RRT to be 
ompared with the a
tual one. Thelearning pro
ess attempts to minimize this error and hen
e improve the a

ura
y of subsequentfore
asts.The network design fo
used on two goals: First, the number of nodes in the input layer shouldbe independent of the number of 
oors in a building [43℄. Se
ond, a set of fa
tors was determinedto enable the system to make a

urate RRT fore
asts. The developers sele
ted 47 fa
tors to berepresented, yielding 47 input nodes. These nodes represent su
h parameters as the distan
e to the
all 
oor, the estimated number of passengers, or the number of 
abin 
alls, but the detailed designof the network was kept 
on�dential|in parti
ular no information about the a
tivation fun
tionsand their thresholds is divulged. The output layer 
omprised a single node yielding the estimatedRRT. Weights were 
al
ulated by training the network with simulated traÆ
 data. Based on thesedesign de
isions, a per
eptron was developed, whi
h yielded predi
tions improved up to 20% onaverage.Given that per
eptrons are limited to learning linearly separable fun
tions, the question arosewhether per
eptrons are adequate representations of the RRT estimation fun
tion. Consequently,the per
eptron ar
hite
ture was extended to various feedforward networks that di�er in the stru
-ture of their hidden layer(s) and the a
tivation fun
tions used. The training of these networksproved to be diÆ
ult, and the authors report that they were unable to improve the results ob-2Fuzzy logi
 is also 
ommonly used at the me
hani
al level in drive 
ontrollers to allow for a smooth a

elerationand de
eleration of drive engines, but this appli
ation area is beyond the fo
us of our paper.4



tained with the simple per
eptron. Although sometimes slightly more a

urate RRT fore
asts wereobtained, these did not automati
ally result in better dispat
hing de
isions. Maintaining 
omplexneural networks in real buildings also proved to be nontrivial as this requires an online trainingpro
ess. A
tual building data, whi
h 
an often be in
omplete and ina

urate due to the givenun
ertainty of observations, have to be fed into the training algorithm. Online training pro
essesare a diÆ
ult endeavor in general, and in this parti
ular appli
ation, it was impossible to guaranteethey would produ
e useful results.In another approa
h, neural networks have been used in a reinfor
ement learning frameworkfor elevator dispat
hing [10℄ in a building with ten 
oors served by four 
ars. The minimization ofthe squared waiting times was taken as the obje
tive fun
tion to a
hieve short waiting experien
esfor passengers and to provide fair servi
e. The neural network 
omprised 47 nodes in the inputlayer, 20 sigmoid nodes in a single hidden layer, and two linear output nodes representing one ofthe possible a
tions a 
ar 
an take in a given situation: stop at next 
oor or 
ontinue. For ea
h 
ar,a neural network is needed. In the input layer, eighteen (nine pairs of) nodes were used to en
odeinformation about the nine \down" hall buttons. One node in ea
h pair is a Boolean representationof whether the button was pressed, whereas the other node represents the time elapsed sin
e thebutton was pressed. Sixteen units are used to represent the possible dire
tions and lo
ations ofthe 
ar, and ten units represent the ten 
oors. Three more units are needed to represent whetherthe 
ar is at the highest 
oor with a waiting passenger and where the passenger with the longestwaiting time is lo
ated. Note that this network design depends on the size of the building, in
ontrast to the OTIS approa
h. The neural network was trained for 60,000 hours of simulatedelevator operation using a down-peak traÆ
 pattern of varying intensity. The algorithm was then
ompared with other well-known 
ontrol algorithms using pure down-peak and mixed up- anddown-peak patterns, for example (i) a stati
 zoning algorithm (see below), (ii) an algorithm thatserves the highest unanswered 
oor �rst, (iii) an algorithm that attempts to maintain an equal loadamong 
ars, and (iv) an algorithm that serves the longest-waiting passenger �rst. These algorithmsare interesting from a theoreti
al point of view, but mu
h too simplisti
 in order to a
hieve a hightransportation performan
e, i.e., it takes not too mu
h to beat them.The results showed a redu
tion of average waiting times from 21 se
onds for the worst algo-rithm to 14 se
onds for the reinfor
ement learning approa
h on the pure down-peak. A similarimprovement was obtained for mixed traÆ
, but average waiting times remained about 20 se
onds.It is unknown whether this approa
h has ever been put into pra
ti
e. The 
onsiderable traininge�ort and the building-dependent network design are 
learly drawba
ks of this solution.To address the diÆ
ulties asso
iated with the design, training, and maintenan
e of neural net-works, geneti
 algorithms have re
ently been explored [22, 27, 44℄. The 
hromosomes representpossible solutions to a given dispat
hing problem with random or expert-generated solutions asinitial seeds. Fitness is evaluated by 
al
ulating the waiting times for passengers based on ea
hsolution. The sto
hasti
 sear
h employed in geneti
 algorithms often produ
es better dispat
hingsolutions than those generated by a prede�ned set of dispat
hing rules [33℄, but thus far improve-ments have only been reported for simulated traÆ
 s
enarios. Development is apparently ongoing.The un
ertainty of information about a traÆ
 situation and how it will develop 
alls for ap-proa
hes that 
an redu
e the degree of un
ertainty. A �rst step in this dire
tion is to de�ne variouslevels of servi
e for ea
h 
oor [27, 44℄. Using geneti
 algorithms, the �tness fun
tion is extendedto a weighted sum of waiting time, journey time, and estimated passenger load of ea
h 
ar. Theweights for ea
h fa
tor are set di�erently for the various 
oors, thereby assigning higher priorityto sele
ted 
oors. At the same time, the geneti
 algorithm is biased towards 
ertain solutions.As pra
ti
al experiments have shown that weights have to re
e
t 
hanging traÆ
 
onditions in abuilding, geneti
 algorithms are also used to determine appropriate weights for dynami
ally ad-justing �tness fun
tions [44℄. The usefulness of geneti
 algorithms is not yet 
lear. Finding theright 
ombination of spe
i�
 
rossover, mutation, and sele
tion methods yielding good dispat
hingde
isions poses a 
hallenge in this domain. 5



Experien
e in this industry shows how diÆ
ult it is to implement intelligent, reliable, and self-adaptive autonomous systems in the real world with the 
urrently available AI te
hniques. AsCrites and Barto [10℄ put it, \The elevator domain poses a 
ombination of 
hallenges not seen inmost RL (reinfor
ment learning) resear
h to date."However, the diÆ
ulties in a
hieving 
onsiderably better dispat
hing de
isions appear to emergeprimarily from the inherent un
ertainty asso
iated with the problem. Assumptions about theunknown destinations of passengers, the number of passengers 
urrently using the system, andthe evolution of the traÆ
 in the immediate future must by nature remain extremely vague. Itis also doubtful whether a 
lear theory will ever be proposed that is able to 
ategorize the hugenumber of possible traÆ
 situations in a building and map them to a �xed set of rules de�ninghow the 
ontrol system should rea
t. Re
ent developments, therefore, fo
us on te
hni
al solutionsthat help redu
e the amount of un
ertain information by imposing a more dis
iplined behavior onpassengers. We will dis
uss these development trends in more detail below.1.4 Combinatorial Optimization of Travel RoutesAs early as 1970, elevator dispat
hing was 
hara
terized as a 
ombinatorial optimization problem,whi
h 
ould be addressed using heuristi
 sear
h te
hniques [9℄. However, at that time, the available
omputing power did not allow the investigation of more than toy examples, and the assumptionof 
omplete knowledge of passenger destinations made su
h approa
hes rather unrealisti
. An evenmore unrealisti
 assumption was made in [19℄, whi
h proposed algorithms to generate optimalpoli
ies for un
ertain passenger destinations, but with elevators of in�nite 
apa
ity, i.e., there isalways suÆ
ient spa
e to a

ommodate all passengers desiring transport.Assuming 
omprehensive information about the 
oors to be served appears to be realisti
provided that the 
ontroller immediately redispat
hes 
ars the moment new information be
omesavailable. Geneti
 algorithms are proposed in [33℄ as an appropriate sto
hasti
 sear
h method to�nd near-optimal solutions under these assumptions. Alternatively, an algorithm using miniminlookahead sear
h [17℄ with alpha pruning is proposed in [8℄. This sear
h algorithm by Ri
hard Korf,whi
h adapts the minimax algorithm for two players to the single-agent 
ase, looks forward a �xednumber of moves and ba
ks up the minimum 
ost value of ea
h frontier node. On
e the ba
ked-upvalues of the 
hildren of the 
urrent state have been determined, a single move is made in thedire
tion of the best 
hild, and the sear
h pro
ess is repeated. With a monotoni
 
ost fun
tionused for heuristi
 evaluations of interior nodes, pruning of frontier nodes with bran
h-and-bound issolution-preserving and yields an enormous a

eleration of the sear
h be
ause not all frontier nodesrequire visitation. Although no details are given in [8℄, one 
an imagine how this sear
h algorithm
ould be used to 
ompute dispat
hing de
isions online: Given a number of 
ars, information abouttheir 
urrent travel routes, and a set of unanswered 
alls, lookahead sear
h 
ould be used to assignan optimal sequen
e of 
oors to ea
h 
ar. In this sequen
e, only the �rst 
oor (the \�rst move")will be exe
uted, then the algorithm would be 
alled again to res
hedule the remaining 
oors,taking into a

ount fresh information about the 
urrent position of 
ars and new in
oming 
alls.To redu
e un
ertainty regarding destinations of passengers, two approa
hes are 
urrently pur-sued: dynami
 zoning and destination 
ontrol. In dynami
 zoning, elevators serve only a restri
tedrange of 
oors, e.g., 7� 14, and passengers are supposed to board the elevator serving the zone inwhi
h their destination 
oor is lo
ated. Zones have to be dynami
ally adjusted depending on thetraÆ
 
ow in a building, whi
h requires passengers to 
arefully observe zone displays lo
ated above
ar entran
es. In [7, 23℄, geneti
 algorithms are used to establish rules about how to arrange zonesdepending on the traÆ
 
ow observed, whereas [26℄ proposes a systemati
, but in
omplete sear
hmethod to determine the best arrangement of zones. In order to obtain more a

urate informationabout destinations and the number of passengers desiring transport, passengers are requested toindi
ate their destination via an input terminal in [2, 13℄. The zones are adjusted a

ording to thedestinations registered, but passengers still have to wat
h for the 
orre
t elevator to take. Pra
ti
alexperien
e with zoning shows in
reased transportation 
apa
ity during periods of massive up-peak6



traÆ
, but users do not seem to a

ept this system readily. Moreover, this approa
h is diÆ
ult toextend to heavy inter
oor traÆ
, whi
h requires zoning information to be 
omputed and displayedat all 
oors, not only at the main lobby.In 
ontrast to zoning, whi
h 
an work with or without preregistered destination information,destination 
ontrol always requires passengers to register their destination 
oor before they get onboard. Based on the destination information, the 
ontrol allo
ates the passenger to a parti
ular 
ar,but 
ars are not limited to serve parti
ular zones.3 The allo
ation of a passenger to a 
ar is �xed and
an no longer be 
hanged, in 
ontrast to 
onventional elevators where the 
ontroller 
an redispat
h
ars at any time. The immediate allo
ation of a passenger to a parti
ular 
ar is similar to theso 
alled early 
ar announ
ement feature that has be
ome popular with 
onventional dispat
hing.Early 
ar announ
ement will tell a passenger immediately whi
h 
ar has been dispat
hed for pi
kup.The main motivation behind this feature is to enhan
e passenger 
onvenien
e, but with unknowndestinations, early 
ar announ
ement prevents the redispat
hing of 
ars, thereby downgrading thesystem performan
e very easily.When destinations are known in advan
e and no 
oor buttons 
an be pressed by passengerstraveling inside a 
abin, nearly 
omplete and reliable information about a given traÆ
 situation isavailable, making the dispat
hing problemmu
h more amenable to 
ombinatorial sear
h te
hniques.With redu
ed un
ertainty about the traÆ
 situation, trying to 
al
ulate optimal travel routes forelevators makes mu
h more sense. Although the notion of destination 
ontrol has existed in theelevator industry for so long it is diÆ
ult to tra
e it ba
k to a spe
i�
 inventor, designing a userinterfa
e that is not only a

epted by humans but also amenable to the development of appropriateallo
ation algorithms remains a 
hallenging endeavor. Despite these diÆ
ulties, having passengersregister their travel wishes in advan
e allows attra
tive new features to be added to elevatorsystems. Thus far, only one solution has found its way onto the 
ommer
ial market, whi
h isdes
ribed in the following.2 Destination Control SystemsThe �rst destination 
ontrol system, Mi
oni
-10TM , was introdu
ed by S
hindler to the marketin 1996. Until today, more than 1500 elevators have been equipped with Mi
oni
-10TM . Theyare operating su

essfully worldwide, parti
ularly in large buildings with thousands of inhabitantsand multiple elevator groups where they sometimes 
an a
hieve up to twi
e the HC5% value of a
onventional dispat
hing algorithm.A ten-digit keypad is installed in front of the elevator group where passengers indi
ate the 
oorto whi
h they wish to travel, e.g., 22, 
f. �gure 1. Upon re
eiving the destination, the elevator
ontrol system sele
ts an elevator to transport the passenger using a heuristi
 allo
ation algorithm[12℄. Given the entry and destination 
oor of this passenger, the algorithm attempts to �t the newpassenger into the 
urrent travel routes of all 
ars at the earliest time possible. For example, letus assume a passenger wishes to go downwards from 
oor 5 to 
oor 2. Two elevators are available:
ar A is 
urrently passing 
oor 5 heading upwards to serve 
oors 7, 9, and 10, while 
ar B isheading downwards to 
oor 0 and is 
urrently passing 
oor 7. Car B 
ould obviously stop on itsway down and pi
k up the new passenger immediately, whereas 
ar A �rst has to �nish its upwardtravel until it 
an turn and serve this new passenger in the downward dire
tion. The 
ontrolsystem predi
ts the waiting time of the new passenger and the possible delay of other passengersallo
ated to this 
ar if the 
urrent travel route were to be modi�ed to serve the new passenger.Using this information, the 
ar with the shortest 
ombined waiting time and delay is allo
ated tothe new passenger. Capa
ity limitations and dire
t travel are elementary 
onstraints satis�ed byany allo
ation, i.e., the allo
ation s
heme guarantees that passengers are allo
ated to a 
ar only if3We adopt the term allo
ation instead of dispat
hing be
ause the pro
ess is somewhat orthogonal; 
ars are notdispat
hed in response to pi
kup 
alls; rather, passengers are allo
ated to 
ars traveling dynami
ally re
omputedroutes. 7



Figure 1: A telephone-like ten-digit keypad allows passengers to enter their destination before theyenter the elevator. A display informs passengers of the elevator to whi
h they have been allo
ated.enough spa
e is available (based on the number of previously registered and allo
ated 
alls to this
ar), and that passengers will never travel opposite to their desired travel dire
tion.The elevator identi�er, usually a 
apital letter su
h as A, B, C, . . . is displayed on the inputterminal to advise the passenger whi
h elevator to take. Instant allo
ations of passengers withinless than one se
ond are ne
essary for two reasons: First, a passenger be
omes impatient if theterminal does not respond immediately and might even wonder whether the system has brokendown. Se
ond, it is desirable for the passenger to move away from the terminal as qui
kly aspossible to free it for other arriving passengers. Note that only a few terminals are available per
oor. An indi
ator in the door frame of the 
ar 
on�rms the destinations this elevator will serve,i.e., upon boarding passengers 
an assure themselves that the 
ar will stop at the desired 
oors.An alternative interfa
e based on tou
h s
reens was proposed re
ently in [11℄, but it requires thatpassengers �rst sele
t the zone to whi
h they want to travel and then tou
h the desired 
oor nameor number displayed next.By using identi�
ation devi
es su
h as smart 
ards, pin 
odes, or modern 
ell phones, passengers
an even be re
ognized on an individual basis and more individually tailored servi
es 
an be o�eredin future destination 
ontrol systems:� A

ess restri
tions: Modern buildings are often o

upied by very di�erent types of tenants,e.g., there may be shopping and entertainment zones, housing areas, and oÆ
es spread overvarious 
oors in a building. For safety and priva
y, it is desirable that elevator 
ontrolsimplement a

ess restri
tions to 
ertain 
oors, e.g., some 
oors are not served as long asunauthorized passengers are traveling in the 
ar.� VIP servi
e: A passenger 
an be identi�ed as a VIP to be served with highest priority by theelevator system. For example, �re �ghters or emergen
y medi
al personnel would be entitledto VIP servi
e.� Separation of passenger groups: Some groups of passengers should not share an elevator.For example, the room servi
e sta� delivering breakfast and a housekeeper emptying trashbins should not meet in the elevator of a hotel for hygieni
 reasons. This means that, if apassenger who belongs to a parti
ular prespe
i�ed group requests transportation, the 
ontrolmust 
hoose an elevator su
h that no en
ounters between 
on
i
ting passengers 
an o

urinside a 
ar or during boarding.Given this information, the elevator 
ontrol software has to allo
ate the passenger to an eleva-tor su
h that all requirements be satis�ed. Today, elevator systems 
an o�er these servi
es only8



to a very limited extent by permanently or temporarily restri
ting the use of 
ars. For example,today's VIP servi
e is implemented by taking an elevator out of standard servi
e, then sending thiselevator to the VIP passenger, and|after the passenger has arrived at the desired destination|returning the elevator to standard operating mode. This restri
ted usage of elevators dramati
allyimpairs the transportation performan
e of an elevator group. The algorithmi
 methods used inthe elevator industry so far have not allowed these fun
tionalities to be integrated dire
tly into thenormal operation of a group of elevators. The dispat
hing de
isions be
ome mu
h more 
ompli-
ated as more 
onstraints have to be observed, whi
h 
ould not easily be added to the 
urrentlyused allo
ation s
heme. Furthermore, based on heuristi
s no optimal dispat
hing de
ision 
an be
onstru
ted. Thus, a new allo
ation algorithm for destination 
ontrol was required, whi
h we willpresent in the following se
tion.2.1 Destination Control: An NP-hard Online ProblemThe development of the new destination 
ontrol algorithm presented in this paper was driven bya formal approa
h. In studies 
ondu
ted in 1998 and 1999, the 
omplexity of the problem wasinvestigated and the NP-hardness of the problem was proven, even for the 
ase that no additionalservi
e 
onstraints su
h as spa
e restri
tions, dire
t travel, or the separation of passenger groupsare imposed, [30℄.The allo
ation problem with destination 
alls 
an be de�ned as follows: Given a number n ofdestination 
alls with boarding 
oor b and exit 
oor e as (b1; e1); (b2; e2); (b3; e3); : : : ; (bn; en) wewish to 
ompute a totally ordered sequen
e of stops s1; s2; : : : ; sk su
h that ea
h si 
orrespondsto a given boarding or exit 
oor (no unne
essary stops should be 
ontained in the sequen
e) andwhere ea
h bi pre
edes ea
h ei (passengers must obviously be pi
ked up �rst and then delivered totheir destination).If we wish to �nd stop sequen
es of minimal length, one 
an easily prove the problem to beNP-
omplete by a redu
tion from feedba
k vertex set [30℄. Another NP-hard graph-theoreti
alproblem 
losely related to ours is the minimum point-to-point 
onne
tion, whi
h has been provento be eÆ
iently approximable. One 
an �nd several graph-theoreti
al problems as well as TSPvariants and vehi
le-routing problems that address 
ertain aspe
ts of our problem, but none ofthem meets all requirements exa
tly. Capa
ity limitations of 
ars and the fa
t that groupingpassengers together 
hanges the individual transportation 
osts for ea
h passenger due to longerdoor opening times or additional intermediate stops make this problem di�erent from all graph-theoreti
al problems to our knowledge.Based on these results, a 
omparative analysis has been 
ondu
ted, whi
h modeled destination
ontrol in terms of a planning problem, a s
heduling problem, and a 
onstraint satisfa
tion problem[29℄. Modeling the problem from a planning perspe
tive seemed to be the most natural approa
h.The initial state of the problem is des
ribed by the 
urrent distribution of passengers and elevatorsin the building. The goal state is any state satisfying that all passengers have been deliveredto their destination 
oors. The set of a
tions spe
i�es what an elevator 
an typi
ally do: stopat a 
oor, travel up or down, open and 
lose doors. The servi
e 
onstraints are modeled in thepre
onditions of the a
tions [16℄.4There are two subproblems to be addressed when developing a new allo
ation algorithm: The�rst is the stati
, o�ine optimization problem for one elevator, whi
h requires an optimal sequen
e4The domain model was published using PDDL, the Planning Domain De�nition Language used in the plan-ning 
ompetitions [21, 3℄ to de�ne pre
isely the servi
es with whi
h we wished to augment the destination 
ontrolsystem. As PDDL is a �rst-order language without fun
tion symbols, not all relevant properties of this appli
a-tion 
ould be represented. For example, 
apa
ity 
onstraints of 
ars and 
ost information re
e
ting waiting andjourney times of passengers had to be omitted. Thus, this representation was not suitable for developing a domain-spe
i�
 planning algorithm, but it was used in the AIPS-00 planning systems 
ompetition and it has also been
onsidered in topologi
al and 
omplexity-theoreti
al investigations of planning ben
hmarks, where it was foundto be one of the hardest domains 
urrently available [15, 14℄. The 
omplete domain 
an be downloaded fromhttp://www.informatik.uni-freiburg.de/~ koehler/elev/elev.html. Details about the planning 
ompetition 2000 
anbe found at http://www.
s.toronto.edu/aips2000. 9



of stops to be 
omputed for a given, �xed traÆ
 situation in a building, i.e., we do not yet 
onsiderthe problem that the traÆ
 situation is 
onstantly 
hanging and the sequen
e of stops has tobe revised a

ordingly. The se
ond is the dynami
, online allo
ation problem for several 
ars,whi
h must 
ope with the immediate and unknown 
hanges of traÆ
 situations. In the followingsubse
tions we will review these two problems in more detail and present our solutions. We fo
usedon a
hieving the following two goals:1. An algorithm should be developed that allows new servi
es to be added to destination 
ontrol.It should 
ompute allo
ations of passengers to 
ars su
h that the resulting 
ontrol a
hievesa quality of servi
e (HC5%, waiting and journey times) as least as good as the originalMi
oni
-10TM allo
ation s
heme|but additionally o�ering the new servi
e fun
tionalities.2. The algorithm should be extendable to deal with multi-de
k elevators, whi
h serve several
oors simultaneously. The allo
ation algorithm not only has to de
ide to whi
h elevator apassenger should be allo
ated, it must also de
ide at whi
h de
k the passenger will board.The de
k information is hidden from the passenger and 
an be revised until the elevatorarrives at the pi
kup 
oor, but the 
ontrol has to make sure that ea
h passenger boardsthe 
orre
t de
k. For example, a double-de
k 
ar sent to pi
k up a passenger at 
oor 5on its upper de
k has to stop with its lower de
k at 
oor 4, thus serving 
oors 4 and 5 atthe same time. Prior to our development, no te
hni
al solution for destination 
ontrol withmulti-de
k systems was available. A multi-de
k elevator o�ers interesting new solutions tothe problem of separating passenger groups, whi
h we of 
ourse exploited. With two or morede
ks available, passengers 
an be separated by transporting them on di�erent de
ks of thesame 
ar.2.2 O�ine Problem: A Case for AI PlanningThe o�ine optimization problem for one elevator is given by a parti
ular traÆ
 situation in abuilding. This in
ludes the traveling dire
tion and 
urrent lo
ation of the elevator, the unanswereddestination 
alls of passengers waiting in the building, and the destination 
alls that have alreadybeen servi
ed and whose passengers are already traveling in the elevator towards their destination.A state in the sear
h spa
e represents the traÆ
 situation at a parti
ular moment in time. Thesear
h spa
e 
ontains all possible traÆ
 situations rea
hable from the initial traÆ
 situation bymoves of the elevator from one stop to the next in order to pi
k up or deliver passengers. A 
areful
hoi
e of data stru
tures to implement the state representation had to be developed to allow a fastupdate of state 
hanges and to make ba
ktra
king less 
ostly.In pra
ti
e, one is interested in �nding stop sequen
es that yield a high servi
e level for arbitrarytraÆ
 patterns and buildings. Given the one-
ar problem, it is 
ommonly agreed that one way ofa
hieving this is to 
ompute an optimal travel route for this 
ar serving all passengers 
urrentlyknown to the system. As dis
ussed above, the optimization 
riterion will usually be a 
ombinationof waiting and journey times. This means that, whenever a new 
all is registered, we try to 
omputea sequen
e of stops that serves all \old" 
alls plus the \new" 
all and that minimizes, for example,the total waiting time of all passengers or the overall time passengers spend with the elevatorsystem from the moment they pla
e a 
all until they rea
h their destination. For the pra
ti
alsolution of the optimization problem, the following observations are important:� The size of the problem instan
e is not determined by the number of passengers, but by thenumber of stops to be added to the solution. For example, ten passengers traveling from
oor 1 to 
oor 10 require only the simple stop sequen
e 1 ! 10, assuming the elevator 
ana

ommodate ten persons. As good elevator 
ontrols must ensure short waiting times for allpassengers, the length of \good" solutions is bounded.� Although the sear
h-spa
e depth is reasonably bounded, the real-time requirements are quitedemanding. The optimal solution to the one-
ar problem will later be used to 
al
ulate10



instant allo
ations of passengers to 
ars. Furthermore, ea
h 
ar itself must be able to qui
klyre
ompute its travel route in order to rea
t to the 
onstantly 
hanging traÆ
 in a building.We therefore set an upper limit for the 
omputation time of approximately 100 millise
onds.Studying the appli
ation in more detail, one also �nds that 
omputing suboptimal stop sequen
esfor a single 
ar 
an result in very long traveling routes owing to the unne
essary detours it wouldhave to make. Thus, our planner is to avoid generating suboptimal stop sequen
es.A fast domain-spe
i�
 planning algorithm was developed that 
onstru
ts an optimal sequen
eof stops for a single elevator, e.g., 1 ! 3 ! 5, whi
h serves all passengers registered for this 
arand obeys all a
tive 
onstraints. In other words, we do not need to verify, for example, that a

essrestri
tions are satis�ed if all passengers have a

ess to all 
oors in a parti
ular building. The sear
halgorithm is based on a 
ombination of several sear
h te
hniques. The 
ore is a depth-�rst, bran
h-and-bound sear
h algorithm, whi
h has been augmented with forward-
he
king te
hniques adoptedfrom 
onstraint reasoning. Forward-
he
king allows states that violate servi
e requirements su
has dire
t travel, separation of passenger groups, a

ess restri
tions to be pruned from the sear
hspa
e without 
omputing them expli
itly, 
f. �gure 2.

Figure 2: E�e
tiveness of forward-
he
king to prune states that violate the elementary 
onstraintsof elevator 
apa
ity, i.e., allo
ating passengers to over
rowded 
ars, and dire
t travel, i.e., allo
atingpassengers to 
ars heading in the opposite dire
tion. Invalid states 
an be pruned without expand-ing them, thereby signi�
antly a

elerating the algorithm. For example, at depth 14, approx. 68%of the nodes are pruned, whi
h means that 231,732 out of 336,937 nodes were removed from thesear
h spa
e at this depth without being expanded.The sear
h algorithm is able to 
ompute optimal stop sequen
es for 
ars with an arbitrarynumber of de
ks. For example, in a double-de
k 
ar, a passenger 
an in prin
iple board on thelower or upper de
k. The sear
h algorithm has to 
onsider all possible permutations of passengersand de
ks, whi
h 
an double the bran
hing fa
tor of the sear
h spa
e 
ompared to the single-de
k
ase.Ea
h stop added to the plan 
ontributes to its 
osts. The distan
e to the goal state in whi
hall passengers have arrived at their destination is measured using a domain-spe
i�
 admissibleheuristi
 fun
tion. For example, to minimize the total waiting time of all passengers, the 
ostfun
tion will take the sum of the waiting times of passengers who have been pi
ked up based onthe stop sequen
e 
onstru
ted so far (the 
urrent 
osts). The 
orresponding heuristi
 fun
tion willdetermine the shortest waiting times for passengers still waiting at the various 
oors (the estimated
osts). If the 
urrent 
osts plus the estimated 
osts ex
eed the 
osts of the best solution generated11



so far, the entire bran
h 
an be pruned from the sear
h tree.We designed an admissible heuristi
 fun
tion, whi
h allows as many nodes as possible to bepruned from the sear
h spa
e without a�e
ting its 
ompleteness. It works independently of thear
hite
ture of a building (e.g., number of 
oors, 
oor height) and of the elevator 
hara
teristi
s(e.g., speed, a

eleration). As a result, the bran
hing fa
tor is signi�
antly redu
ed. Very often,only one-third of the bran
hes remain for inspe
tion. A typi
al s
enario often found in these sear
hspa
es is shown in �gure 3. This redu
tion is extremely important for a

elerating the algorithmbe
ause typi
al sear
h spa
es 
an have an average bran
hing fa
tor of about ten su

essors for ea
hnode.

Figure 3: E�e
tiveness of the heuristi
 fun
tion illustrated by the per
entage of nodes that are
ut at ea
h sear
h depth when generating a plan of length 31. The heuristi
 be
omes in
reasinglye�e
tive with in
reasing sear
h depth, rea
hing its peak at depths 19 to 22, where it 
an prunemore than 70% of the nodes, whi
h 
orresponds to 35,917 out of 50,446 nodes at depth 19, forexample.Currently, the planning system sear
hes more than 200,000 states per se
ond (implementedin Delphi 5 and running on a 500 MHz IntelliStation under Windows NT). This allows optimalplans of up to a length of 15 to 25 stops to be found in less than 100 millise
onds. Data from realbuildings show sear
h spa
es 
ontaining between 1012 and 1015 states in peak traÆ
 situations.With these runtime properties, the algorithm s
ales to very high dimensions of traÆ
 and buildingsizes, i.e., even the largest elevator system has long ex
eeded its available transportation 
apa
itybefore the algorithm runs into 
ombinatorial explosion. The exe
ution of the plans requires thestop sequen
es to be translated into the mu
h more �ne-grained level of elevator 
ontrol 
ommands,whi
h is des
ribed in the following se
tion.2.3 Online Problem: Interleaved Planning and Exe
utionThus far we have been able to 
ompute the optimal stop sequen
e for a single elevator to servea given set of registered 
alls. In a real building, a set of destination 
alls has to be served by agroup of elevators, making a reasonable sharing of 
alls amongst 
ars desirable. In the dispat
hings
enario for 
onventional elevator systems, pi
kup 
alls are redispat
hed amongst 
ars all the time.In a destination-
ontrol system, the situation is quite di�erent: First, remember that there are nolonger any buttons available inside the 
ars, i.e., on
e passengers have boarded the 
ar they 
annotin
uen
e the travel route of this 
ar. Thus, the travel route is solely determined by the destination
alls allo
ated to this 
ar. It is therefore fully predi
table by the 
ontrol software be
ause the main12



reason for redispat
hing 
onventional elevators|namely the un
ertainty over whi
h 
abin buttonsa passenger might press|has been eliminated. Se
ond, remember that passengers withdraw fromthe terminal after they have re
eived their allo
ation. This means that, on
e passengers havebeen allo
ated to a parti
ular 
ar, this allo
ation 
annot be 
hanged to another 
ar. Althoughit might sometimes be desirable to reallo
ate passengers, it is impossible to 
ommuni
ate a newallo
ation to them. Reallo
ating passengers while they are waiting would also add a signi�
antamount of 
onfusion for many individuals. Thus, ea
h 
ar serves a subset of the destination
alls, whi
h is �xed|only the order in whi
h the 
alls are served by ea
h 
ar 
an be 
hanged. Itfollows immediately that we 
annot 
ompute the globally optimal allo
ation of 
alls to 
ars andthe resulting minimal travel routes unless we are able to reallo
ate passengers.Thus, when a new 
all is re
eived by a terminal, the best the 
ontroller 
an do is to send this
all to ea
h elevator and request a revised, optimal stop sequen
e a

ommodating this new 
all.The revised plans are 
ompared, for example based on the time a 
ar 
ould pi
k up the new 
all,and the passenger is allo
ated to the 
ar that has submitted the best-ranked plan. This pro
ess isknown as an au
tion, whi
h is 
ommonly used in multi-agent 
ommuni
ation. The au
tion modelsa greedy sear
h at the global level.Consequently, we embedded our planning system in amulti-agent system implementing the 
on-trol software on ea
h single 
ar. The agents 
ommuni
ate via asyn
hronous messaging supportingpublish/subs
ribe me
hanisms and allowing peer-to-peer 
ommuni
ation between lift 
omponentssu
h as drives, doors, and terminals. New agents 
an dynami
ally register with the 
ommuni
ationnetwork, whi
h also informs other interested agents about the presen
e of a new agent, i.e., the
ommuni
ation layer supports ad ho
 networking. Agents representing physi
al 
omponents orlogi
al fun
tions of the 
ontrol 
an either send messages dire
tly to ea
h other, in whi
h 
ase theyknow the re
ipient of the message, or they 
an publish information, in whi
h 
ase they do not needto be aware of the subs
ribers.2.3.1 Au
tions Allo
ate PassengersFor ea
h elevator, a so 
alled job manager implements its 
ontroller. The job manager is a holonof agents responsible for various tasks in the 
ontrol. A holoni
 agent system [5℄ 
omprises a groupof 
ooperating agents, whi
h appear as a single agent when 
ommuni
ating with other agents.One of the agents from the group will a
t as the \head" of the holon and represent the group in
onta
ts with external agents. In our model, this 
entral role is played by the brokering agent,whi
h handles the 
ommuni
ation between terminals and elevators.Passenger 
alls are re
eived via terminals spread throughout the building. Ea
h terminal re-
eives information about the building 
on�guration from the so 
alled 
on�guration manager,whi
h also maintains a database of passenger pro�les if the individual identi�
ation of passengersis available. Thus, upon re
eiving a 
all, the terminal 
he
ks whi
h elevators 
an serve the entryand destination 
oor of this passenger and veri�es whether the passenger has a

ess to the desireddestination. If the veri�
ation was su

essful, the terminal requests an o�er from all availableelevators by 
onta
ting the 
orresponding brokers. The broker initiates a planning pro
ess and
al
ulates an o�er based on the revised optimal stop sequen
e. This o�er is sent to the terminal,whi
h sele
ts the elevator with the best o�er and sends an order to it. Upon re
eiving the order,the broker 
he
ks whether its o�er is still valid, be
ause the traÆ
 situation may have 
hangedduring the elapsed time, and if so, it 
on�rms the order. The passenger is now allo
ated to thiselevator, and the terminal displays the 
ar allo
ation. Figure 4 illustrates the two-leveled 
ontra
tnet proto
ol [35℄ underlying the 
ommuni
ation pro
ess.The individual brokering of passenger 
alls also makes the system more tolerant of failures.Passengers 
an be allo
ated as long as at least one broker remains a
tive, whi
h makes our designsimilar to the adaptive agent ar
hite
ture [18℄. Brokers 
an take over allo
ations that would haveotherwise been assigned to another elevator, but they 
annot a
tively bring up new brokers, i.e., newelevators, whi
h is a natural limitation in this appli
ation.13
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Figure 4: Allo
ation of passengers to elevators via an au
tion model. The underlying 
ontra
t netproto
ol has been developed in 
ooperation with the DFKI Saarbr�u
ken [6℄.2.3.2 Job Manager as a Holon of Spe
ialized AgentsThe job manager integrates all 
omponents for the logi
al 
ontrol of an elevator and 
ommuni
ateswith the physi
al elements su
h as the doors and drive, see �gure 5. The holon of agents formsa persistent team that 
ontinues to exist even when team members 
hange or all goals have beena
hieved, i.e., when there is no traÆ
 and all elevators are idle. Similar to the open agent ar
hi-te
ture (OAA) [20℄, the behavior of agents is triggered by events that are transmitted as messagesbetween the agents, but whereas in OAA we need fa
ilitator agents to mediate between agentsrepresenting distributed appli
ations, our agents 
ommuni
ate dire
tly with ea
h other using thepeer-to-peer 
ommuni
ation layer.In the following, we will dis
uss the role of ea
h of these agents in the job manager system.Note that there is one job manager per 
ar and that they are 
ompletely independent of ea
h other.There is no 
ommuni
ation between the job managers or 
oordination of a
tivities amongst them.The group 
ontrol results from the allo
ation of passengers to the best-bidding 
ar in the au
tion.The broker re
eives o�er requests from the terminals and adds these new 
alls to the worldmodel of the planner, whi
h represents the initial state representation for the planner. The worldmodel implements a bla
kboard-like data store, whi
h allows various agents to 
ommuni
ate withea
h other their knowledge 
on
erning the status of passengers. After having added the newpassenger 
all to the world model, the broker initiates the planning pro
ess and evaluates thestop sequen
e returned by the planner. The broker evaluates how the new passenger a�e
ts thosepassengers already allo
ated to this 
ar and how long the new passenger has to wait until beingpi
ked up.The 
ar driver is responsible for exe
uting the plans. Given an abstra
t sequen
e of stops, the
ar driver maps these into a �ne-grained temporal sequen
e of a
tivities, e.g., a

elerating, moving,landing, opening doors. It 
al
ulates the door opening times depending on the information aboutthe number of boarding and alighting passengers that it 
an expe
t at a given stop and sendsappropriate 
ommands to the doors and drive. When the plan has been exe
uted, it releases theelevator su
h that it 
an be parked, for example.Whenever a new passenger has been allo
ated, the broker tells the 
ar driver to update its trip14
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 agent system implementing interleaved planning and exe
utionfor a single elevator.plan immediately. In fa
t this means that the 
urrent plan is deleted and repla
ed by the newplan. Ex
hanging plans is a tri
ky issue in this domain be
ause not all a
tions 
an be abortedimmediately. For example, when the elevator is driving full speed from 
oor 0 to the next stopat 
oor 20 and is 
urrently passing 
oor 5, then it 
an easily a

ommodate a stop at 
oor 10on the way and plan update is not a problem. The transfer pro
ess with passengers boardingand alighting, 
annot be aborted, doors 
losed, and the elevator sent elsewhere. We thereforedistinguish between two modes of exe
ution for a
tivities: loose exe
ution and enfor
ed exe
ution.A loosely exe
uted a
tivity 
an be disrupted immediately, whereas an enfor
ed a
tivity must be�nished but 
an be modi�ed, e.g., doors 
an be held open longer. Therefore, ea
h 
ar 
ommuni
atesits 
urrent a
tivity mode to its asso
iated planning system. This information is part of the initialstate representation of the planning problem.The observer 
ontinuously updates the world model of the planner a

ording to the infor-mation it re
eives from the doors and the drive. For example, when the drive stops at a 
ertain
oor and the doors have been opened, it assumes after a 
ertain delay that all traveling passen-gers whose destination 
orresponds to this stop have left the elevator and all waiting passengershave boarded. The observer knows nothing about the 
ar driver|it only 
onsiders informationavailable about the doors and drive of the 
ar it is observing. This independent updating of theworld model is very important to keep the world model and reality syn
hronized. For example, ifa door does not open at a 
oor although the open-door 
ommand has been sent, the observer willnot update the passenger status at this 
oor and not remove alighting passengers from the worldmodel. When the planner is a
tivated again, these passengers are still present in the 
ar and haveto be a

ommodated when a new plan is generated.The failure re
overy agent monitors plan exe
ution, diagnoses problemati
 situations, andinitiates re
overy a
tions. It maps the a
tivities of the 
ar driver to the information it re
eivesfrom drive and doors, and veri�es whether the intended a
tivities have indeed been exe
uted in thephysi
al layer. For example, the 
ar driver sends an open-door 
ommand and publishes that it hasdone so. Now the failure re
overy expe
ts the respe
tive door to open and sets triggers [20℄ thatallow it to monitor external sensors and tra
k the progress of plan exe
ution. If the door does notopen after a 
ertain amount of time, the failure re
overy agent be
omes a
tive. It follows a three-level approa
h. At the �rst level, it simply tells the 
ar driver to repla
e its 
urrent plan, whi
htriggers plan exe
ution from the point where the error o

urred. If the failure 
annot be 
orre
tedthis way, it enters the se
ond level and tells the planner to replan for the 
urrent situation andthe 
ar driver to try to exe
ute this new plan. If this also fails, it enters the third level, assumes
ontrol of the elevator and attempts to eva
uate passengers.The failure re
overy agent implements a very 
exible approa
h to deal with hardware failures,15



with situations that make the world model and reality be
ome drasti
ally unsyn
hronized, andwith passengers who intera
t with the system in an unforeseeable way, e.g., by blo
king doors.The drive exe
utes start and stop 
ommands and re
ords the traveling times of the elevatorbetween the various 
oors. This information is 
ontinuously updated in the planner, whi
h uses itto 
ompute a
tion 
osts. The drive also publishes stati
 information about how many de
ks it hasand dynami
 information about its 
urrent status and position. This be
omes part of the initialstate representation of the planning system.The doors exe
ute the opening 
ommands that the 
ar driver sends when a desired 
oor hasbeen rea
hed. Note that we 
an have several doors over several de
ks opening to various a

esszones on a 
oor. This 
an make the 
omputation of door opening times and the order in whi
hthe doors should open while observing a

ess restri
tions quite tri
ky.The 
on�guration manager provides information about the building layout, i.e., the numberof 
oors, a

ess zones, passenger groups, a

ess rights, and a
tive servi
es.Ea
h 
omponent in the job manager is a self-a
ting agent that initiates a
tivities when 
ertainevents o

ur. This 
an trigger several agents simultaneously, whose a
tivities then run in parallel.For example, the broker 
an re
eive several requests from various terminals before one of theserequests results in an order. In another situation, a terminal may have allo
ated a passenger toan idle elevator, but when the 
ar driver begins to exe
ute the plan, its 
ommands are ignoredbe
ause the drive is busy exe
uting parking maneuvers or be
ause another agent, e.g., the 
leaningservi
e, has assumed 
ontrol of the elevator and reserved the 
abin. Our 
ontrol algorithm is ableto deal with su
h interfering events.3 Empiri
al ResultsSimulation runs with arti�
ial traÆ
 patterns or 
all pro�les gathered from real buildings allow usto investigate empiri
ally the dynami
s of destination-
ontrol problems. The following �gures showa noon peak traÆ
 pattern (45% up-peak, 45% down-peak, 10% inter
oor traÆ
) in a building with�ve fast elevators running at 8 m/s. Ea
h 
ar 
an a

ommodate up to thirteen persons and serves25 
oors. We 
ompare three di�erent traÆ
 intensities: 90 passengers (low traÆ
 for this building),180 passengers (medium traÆ
), and 270 passengers (high traÆ
) arriving in a �ve-minute periodduring a simulation time of four hours. Figure 6 shows the lengths of plans, i.e., the number ofstops in the optimal stop sequen
e returned by the planners in less than 100 millise
onds. With a30% traÆ
 in
rease, the average length of the plans that ea
h elevator has to generate in order toserve all passengers 
an easily double. For low traÆ
, plans have an average length of 2.9 stops,medium traÆ
 requires 6.1 stops, and for high traÆ
 plans with an average length of 9.6 stopshave to generated in order to serve all passengers.However, with in
reasing traÆ
, plans are repla
ed mu
h more often, and long plans are unlikelyto be fully exe
uted. Figure 7 illustrates how many stops in a plan are a
tually exe
uted beforethis plan is repla
ed. In low traÆ
, the average number of exe
uted stops is 1.6, medium traÆ
results in 1.0 exe
uted stops, dropping down to 0.8 stops in high traÆ
. There was no situation inwhi
h more than 6 stops of a plan were exe
uted.This allows us to draw a radi
al 
on
lusion: To solve the 
ontrol problem we 
ould easily restri
tthe sear
h fun
tion to a depth of 5 or 6 stops and simply generate optimal plan pre�xes of thislength as was proposed in [8℄ using lookahead sear
h. Su
h a plan pre�x would 
ontain only theinitial 5 or 6 stops and would only serve some of the registered 
alls, but 
ould be extended to theoptimal plan serving all passengers. So, why do we invest so mu
h e�ort into generating plans toserve all passengers? Simply to keep the elevators running, it would be suÆ
ient to determine thenext stop they should serve. The answer lies in the allo
ation problem the brokers have to dealwith: When the terminals request an o�er for a new passenger, ea
h broker has to determine howthis passenger would be best served while maintaining the servi
e level for the passengers alreadyallo
ated to this elevator. Simply inserting the new passenger's stop into the 
urrent plan yields a16



Figure 6: Length of generated plans for low (90 pass./5 min.), medium (180 pass./5 min.), andhigh (270 pass./5 min.) noon peak traÆ
 situations.satisfa
tory, but suboptimal solution in many traÆ
 situations. Quite often, however, it turns outthat a signi�
ant 
hange in the servi
e order of some passengers yields shorter waiting and traveltimes for most passengers. Therefore, the planner generates a 
omprehensive plan showing theimpa
t of the new passenger on all other passengers allo
ated to this 
ar. A plan pre�x of length kwould only show the impa
t of the new passenger on those passengers served by the �rst k stops.Thus, 
omprehensive plans are ne
essary in order to perform an in-depth analysis of the 
hangedtraÆ
 situation of an elevator. Moreover, they allow the broker to make more informed de
isions.A typi
al situation is an empty elevator that serves passengers traveling in both dire
tions. Itmakes a signi�
ant di�eren
e to waiting passengers who want to travel upwards if the elevatorstarts to travel downwards �rst, and vi
e versa. In parti
ular, the e�e
t on waiting times requiresto determine optimal solutions for ea
h individual 
ar.We also 
ompared the resulting 
ontrol with the original Mi
oni
-10TM algorithm and a 
on-ventional algorithm developed at S
hindler. The following results were obtained a
ross the board:Independent of the traÆ
 pattern, the average waiting times are redu
ed by 10% when 
omparingour algorithm to the Mi
oni
-10TM algorithm. This improvement is not per
eptible to a passengerbe
ause it 
orresponds to an absolute redu
tion of one or two se
onds. Moreover, the redu
tion ofthe average journey times depends on the traÆ
 pattern. For up-peak, a redu
tion of only 10%is a
hieved, whereas for down-peak and noon-peak we observe improvements of around 35%. Inlarger buildings, this means that approximately 30 se
onds per passenger trip is saved on average.This 
orresponds to one intermediate stop during a passenger's journey being eliminated by the
ontroller. Maximum waiting times are not redu
ed, but maximum journey times are redu
ed upto 50%, a signi�
ant improvement.This improvement is a
hieved by virtue of the algorithm's ability to 
ompletely replan the stopsequen
e of an elevator. For example, in low down-peak traÆ
, the optimal solution might be to
olle
t passengers when traveling downwards with a stop sequen
e of 10-8-6-0. If more and morepassengers register 
alls at 10, 8, or 6 su
h that ea
h stop will entirely �ll the 
ar, the planner 
anrepla
e it by the new optimal sequen
e 10-0-8-0-6-0, thus pi
king up all waiting passengers at onestop, shuttling them dire
tly to the lobby, and then returning to the next 
oor in the plan. Su
ha 
exible reordering of stops to a

ommodate 
hanges in traÆ
 is not possible with other 
ontrol17



Figure 7: Per
entage of plans with 0, 1, 2, : : : exe
uted stops in low (90 pass./5 min.), medium(180 pass./5 min.), and high (270 pass./5 min.) noon peak traÆ
 situations.algorithms. Conventional 
ontrollers struggle with the problem of avoiding stops at every 
oorduring heavy down-peak traÆ
.By repla
ing a group of single-de
k 
ars with the same number of double-de
k 
ars, the trans-portation 
apa
ity during up-peak traÆ
 
an be doubled. The �nan
ial bene�ts of the new 
ontrolalgorithm 
ome from redu
ing the number of 
ars needed to a
hieve a required servi
e level. Forexample, instead of installing �ve 
ars with 
onventional 
ontrol, three 
ars with destination 
on-trol 
an handle the same amount of traÆ
. Or the other way round, with the same number of 
ars,up to 30% more passengers 
an be transported|thus redu
ing the 
osts of 
onstru
ting, installing,and maintaining an elevator system. A further bene�t 
omes from saving the time of passengers,whi
h 
an easily 
umulate to several hundred hours per month in a large oÆ
e building.Mu
h more important than improving performan
e is the ability of the system to o�er 
ustom-tailored servi
es that 
an be in
orporated seamlessly into the standard 
ontrol. A

ess 
ontrol, VIPservi
e, and separation of passenger groups are a
hieved without taking an elevator temporarilyout of servi
e, whi
h keeps the performan
e of an elevator group high. For example, instead ofhaving di�erent elevators serving di�erent zones in a building with low traÆ
, simply one group
an suÆ
e if the 
ontrol temporarily grants servi
e to the various zones by planning the travelroutes for the elevators su
h that zones 
an only be a

essed by authorized passengers.The event-triggered a
tivation of agents also makes the 
ontrol open to the addition of futureservi
es as well as being mu
h more robust against failures. For example, if a shaft door at a
ertain 
oor is blo
ked, the elevator 
an still serve the remaining 
oors as long as the safety ofthe passengers is guaranteed. Similarly, if a 
abin door at the se
ond de
k of a double-de
k 
abinmalfun
tions, the job manager 
ould still safely operate this elevator as a single-de
k 
abin. Thisimplements a useful form of gra
eful degradation that improves the availability of elevator systems.4 Summary and Dis
ussion of Open IssuesAs we have dis
ussed in this arti
le, elevator 
ontrol is a major �eld of appli
ation for AI te
h-nologies. Starting with expert systems in the late 1980s, elevator 
ompanies have explored alarge variety of AI developments su
h as neural networks, geneti
 algorithms, fuzzy rules, and|18



re
ently|multi-agent systems and AI planning in their sear
h for intelligent elevator 
ontrols. AIte
hnologies stand not only to in
rease the transportation 
apa
ity of 
onventional elevator sys-tems, they 
an also improve the way in whi
h elevators intera
t with and serve passengers. The�rst part of this paper reviewed past approa
hes to improve 
onventional elevator systems.In the se
ond part, we presented a novel elevator system based on so 
alled destination 
ontrol,where passengers spe
ify their desired destination at terminals lo
ated outside the elevator. Anau
tion pro
ess exe
utes the allo
ation task, where ea
h 
ar bids for the passenger requestingtransportation. In order to pro
ess a bid, a planning system 
omputes an optimal stop sequen
eserving a set of destination 
alls. The planner uses a hybrid sear
h algorithm 
ombining depth-�rstbran
h-and-bound with 
onstraint-propagation te
hniques. This sear
h algorithm is embeddedin a multi-agent ar
hite
ture, whi
h implements an interleaved pro
ess of plan generation andplan exe
ution. The result is robust and fault-tolerant 
ontrol software, whi
h improves elevatorperforman
e signi�
antly and o�ers novel 
ustomer-tailored servi
es.We 
an identify two major areas where AI te
hnologies 
ould be
ome even more important inthe future. First, 
ommuni
ation between passengers and elevators 
ould be improved signi�
antly.Although simple buttons suÆ
e to implement verti
al transport, new servi
es and new elevatorsystems require new 
hannels of 
ommuni
ation. For example, imagine a large building with a skylobby on the 50th 
oor. A passenger who wants to travel to 
oor 49 
ould take the express 
ar to thesky lobby and 
hange there to a downward-traveling elevator. Our destination 
ontrol system 
ouldeasily 
ompute this solution by having the next generation of job managers 
ooperate to determinethe fastest routes for passengers. But how 
an a more 
ompli
ated travel plan of this kind be
ommuni
ated to passengers in a simple manner? Another example is that of disabled passengersor persons unfamiliar with the use of destination-
ontrol terminals. How 
ould the terminal dete
t a
onfused passenger and provide assistan
e for 
orre
t usage? Today, for example, blind passengersare dire
ted to their allo
ated 
ar by a unique tone played by the terminal and the arriving elevator.Are there better 
ommuni
ation methods? Although elevators are highly intera
tive devi
es, theyoften fail in truly intera
ting with people in a responsive way. The 
hallenge lies in �nding 
heap,easy-to-use, intelligent interfa
es that fa
ilitate new forms of 
ommuni
ation between elevators andhumans. AI resear
h to develop solutions for multimodal 
ommuni
ation in various settings 
ouldhelp address these issues.Se
ond, 
urrent elevator systems 
onstitute a signi�
ant waste of spa
e. Typi
ally, a hugeshaft is used by a single 
ar. Initial attempts have been made to put several 
ars into one shaftor to extend the dis
onne
ted verti
al shafts to a system of 
onne
ted horizontal and verti
altransportation 
hannels o

upied by several autonomous vehi
les. The design and 
ontrol of su
hmultimobile systems require issues to be addressed that are 
urrently being studied in su
h sub�eldsof AI as roboti
s, planning, multi-agent systems, and reasoning under un
ertainty.Referen
es[1℄ A. Alani et al. Performan
e optimisation of knowledge-based elevator group supervisory
ontrol system. In G. Barney, editor, Elevator Te
hnology, volume 6, pages 114{121. IAEE,1995.[2℄ M. Amano et al. The latest elevator group supervisory 
ontrol system. In G. Barney, editor,Elevator Te
hnology, volume 6, pages 88{95. IAEE, 1995.[3℄ F. Ba

hus. The AIPS'00 planning 
ompetition. AI Magazine, 22(3):47{56, 2001.[4℄ G. Barney. Elevator TraÆ
 - Analysis, Design and Control. Peter Peregrinus Ltd., 1977.[5℄ H.-J. Buer
kert, K. Fis
her, and G. Vierke. Holoni
 transport s
heduling with teletru
k.Applied Arti�
al Intelligen
e, 14(7):697{525, 2000.19



[6℄ H.-J. B�ur
kert and G. Vierke. Agent models for elevator 
ontrol. internal report, unpublished,2001.[7℄ W. Chan and A. So. Dynami
 zoning in elevator 
ontrol. Elevator World, XLV(3):136{139,1997.[8℄ P. Chenais. Method and apparatus for assigning 
alls entered at 
oors to 
ars of a group ofelevators. S
hindler US Patent 5,612,519, 1997.[9℄ G. D. Closs. The Computer Control of Passenger TraÆ
 in Large Lift Systems. Phdthesis,University of Man
hester Institute of S
ien
e and Te
hnology, 1970.[10℄ R. Crites and A. Barto. Improving elevator performan
e using reinfor
ement learning. InD. Touretzky, editor, Advan
es in Neural Information Pro
essing Systems, volume 8, pages1017{1023. MIT Press, 1996.[11℄ J. For
ht. Rufeingabevorri
htung f�ur Aufzugsanlage (
all input devi
e for elevator installa-tion). Thyssen European Patent 1,006,070, 1998.[12℄ P. Friedli. Group 
ontrol for lifts with immediate allo
ation of destination 
alls. S
hindlerEuropean Patent 0356731B1, 1989.[13℄ K. Hattori et al. Group-
ontrolled elevator system. OTIS European Patent EP 0,810,176,1997.[14℄ M. Helmert. On the 
omplexity of planning in transportation domains. In Pro
eedings of the6th European Conferen
e on Planning, LNAI. Springer, 2001.[15℄ J. Ho�mann. Lo
al sear
h topology in planning ben
hmarks: an empiri
al analysis. InPro
eedings of the 17th International Joint Conferen
e on Arti�
ial Intelligen
e, pages 453{458. Morgan Kaufmann, San Fran
is
o, CA, 2001.[16℄ J. Koehler and K. S
huster. Elevator 
ontrol as a planning problem. In S. Chien, S. Kambham-pati, and C. Knoblo
k, editors, Pro
eedings of the 5th International Conferen
e on Arti�
ialIntelligen
e Planning and S
heduling, pages 331{338. AAAI Press, Menlo Park, 2000.[17℄ R. Korf. Real-time heuristi
 sear
h. Arti�
ial Intelligen
e, 42:189{211, 1990.[18℄ S. Kumar, P. Cohen, and H. Levesque. The adaptive agent ar
hite
ture: A
hieving fault-toleran
e using persistent broker teams. In Pro
eedings of the 4th International Conferen
eon Autonomous Agents, pages 459{466. ACM Press, 2000.[19℄ D. Levy, M. Yardin, and A. Alexandrowitz. Optimal 
ontrol of elevators. International Journalof Systems S
ien
e, 8(3):301{320, 1977.[20℄ D. Martin, A. Cheyer, and D. Moran. The open agent ar
hite
ture: A framework for buildingdistributed software systems. Applied Arti�
ial Intelligen
e, 13(1):91{128, 1999.[21℄ D. M
Dermott. The 1998 ai planning systems 
ompetition. AI Magazine, 21(2):35{55, 2000.[22℄ A. Miravete and N. Tolosana. Geneti
s and intense verti
al traÆ
. Elevator World,XLVII(7):118{120, 1999.[23℄ M. Nakamura, K. Yoneda, and A. Togawa. Elevator 
ontrol system with modi�ed displaywhen operating mode 
hanges. Hita
hi UK Patent GB 2,311,148, 1997.[24℄ R. Peters et al. Lift passenger traÆ
 patterns: Appli
ations, 
urrent knowledge and measure-ment. Elevator World, IIL(9):87{94, 2000. 20



[25℄ B. Powell, D. Sirag, and B. Whitehall. Arti�al neural networks in elevator dispat
hing. LiftReport, 27(2):14{19, 2001.[26℄ Z. Qun et al. A dire
t-sear
h approa
h to dynami
 zoning optimization-problem of elevatorgroup 
ontrol systems. Elevator World, IIL(2):136{140, 2001.[27℄ Z. Qun, X. Hua, and Y. Jun. A multi-obje
tive dispat
hing method in elevator group 
ontrolsystems. Elevator World, XLVIII(12):164{168, 2000.[28℄ A. S
ho�eld, T. Stonham, and P. Mehta. A ma
hine vision system for 
ounting people. InA. Lustig, editor, New Methods and Te
hnologies in Planning and Constru
tion of IntelligentBuildings, pages 50{59. IB/IC Intelligent Building Congress, Israel, 1995.[29℄ B. Se
kinger. Synthesis of elevator 
ontrols based on 
onstraint-based sear
h. Master's thesis,Albert-Ludwigs-Universit�at Freiburg, 1999. in German.[30℄ B. Se
kinger and J. Koehler. Online synthesis of elevator 
ontrols as a planning problem.In 13th Workshop on Planning and Con�guration, Te
hni
al Report, University of W�urzburg,pages 127{134, 1999.[31℄ M. Siikonen. Elevator group 
ontrol with arti�
ial intelligen
e. Te
hni
al Report A67, HelsinkiUniversity of Te
hnology, 1997.[32℄ M. Siikonen. Pro
edure for 
ontrol of an elevator group 
onsisting of double de
k elevators,whi
h optimizes passeger journey time. Kone PCT Patent WO 98/32683, 1998.[33℄ M. Siikonen. On traÆ
 planning methodology. Lift Report, 27(3):24{29, 2001.[34℄ M. Siikonen and T. Korhonen. De�ning the traÆ
 mode of an elevator, based on traÆ
statisti
al data and traÆ
 type de�nitions. Kone US Patent 5,229,559, 1993.[35℄ G. Smith. The 
ontra
t-net proto
ol: High-level 
ommuni
ation and 
ontrol in a distributedsystem. IEEE Transa
tions on Computers, 29(12):1104{1113, 1980.[36℄ A. So et al. A 
omprehensive solution to 
omputer vision-based group supervisory 
ontrol. InG. Barney, editor, Elevator Te
hnology, volume 5. IAEE, 1993.[37℄ A. So et al. Elevator traÆ
 pattern re
ognition by arti�
ial neural network. In G. Barney,editor, Elevator Te
hnology, volume 6, pages 122{131. IAEE, 1995.[38℄ A. So and S. Liu. An overall review of advan
ed elevator te
hnologies. Elevator World,XLIV(6):96{103, 1996.[39℄ G. Strakos
h. The Verti
al Transportation Handbook. Jon Wiley and Sons, 1998.[40℄ H. Ujihara et al. Appli
ation of expert systems to elevator group 
ontrol. Lift Report, 15(6):46{48, 1989.[41℄ Y. Umeda et al. Fuzzy theory and intelligent options. Elevator World, XXXVII(7):86{91,1989.[42℄ B. Whitehall and B. Powell. Adjustment of elevator response time for horizon e�e
t, in
ludingthe use of a simple neural network. OTIS US Patent 5,936,212, 1999.[43℄ B. Whitehall, D. Sirag, and B. Powell. Elevator 
ontrol neural network. OTIS US Patent5,672,853, 1997.[44℄ K. Yoneda et al. Multi-obje
tive elevator supervisory-
ontrol system with individual 
oor-situation 
ontrol. Hita
hi Review, 46(6):266{274, 1997.21


