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Abstract: Elevator group control dispatches elevators to passengers’ calls in a dynamic environment where new calls
constantly emerge. At the moment of making a dispatching decision, it is not known when and at which floors
new passengers will register new calls, what is the number of passengers waiting behind these and existing
calls, and what are their destinations. Robust dispatching decisions require that future passenger traffic is
forecast based on the realized passenger flow in a building. The problem is that this flow cannot be directly
measured. It can, however, be estimated by finding the passenger counts for the origins and destinations of
every elevator trip occurring in a building. An elevator trip consists of successive stops in one direction of
travel with passengers inside the elevator. We formulate the elevator trip origin-destination matrix estimation
problem as a minimum cost network flow problem. We also present a branch-and-bound algorithm for finding
all solutions to the problem and study its performance based on numerical experiments.

1 INTRODUCTION route connecting any OD pair, and usually counts of
boarding and alighting passengers are collected from
Assume that when an elevator stops, the passengergll stops on the route (Nguyen, 1984). The passenger
inside the elevator car first alight and then the possi- counts for the OD pairs of the route are typically esti-
bly waiting passengers board the elevator. Then, anmated by minimizing the distance to a reference OD
elevator trip to up or down direction starts at a stop matrix with respect to a suitable distance metric while
where passengers board an empty elevator and endg&lso producing the observed boarding and alighting
to a stop where the elevator becomes empty again.counts. Popular OD matrix estimation methods are
At each stop, the elevator group control registers the iterative proportional fitting which is known also as
number of boarding and alighting passengers, and thethe bi-proportional or Bregman’s balancing method
calls given by the boarding passengers. (Lamond and Stewart, 1981; Bell, 1983; Nguyen,
Our goal is to estimate elevator trip origin- 1984; Ben-Akiva et al., 1985), maximum entropy and
destination (OD) matrices, i.e., the passenger countsminimum information (Zuylen and Willumsen, 1980;
for the OD pairs of the elevator trips. The elevator Nguyen, 1984; Ben-Akiva et al., 1985), maximum
trip OD matrices estimated for a given time interval likelihood and generalized least squares (Ben-Akiva
are combined to form a building OD matrix that de- et al., 1985; Cascetta and Nguyen, 1988), Bayesian
scribes the traffic flow in the whole building during inference (Maher, 1983; Cascetta and Nguyen, 1988;
that interval. The building OD matrices form traffic Li, 2009), recursive methods (Tsygalnitsky, 1977,
statistics that are used to forecast future traffic. The Furth and Navick, 1992; Liand Cassidy, 2007) and bi-
required information is: what is the number of pas- level programming formulations (Fisk, 1988; Lund-
sengers waiting behind each existing and new call at gren and Peterson, 2008).
the time of serving the call, when and at which floors An elevator trip OD matrix could in principle be
new calls are likely to occur, and what are the desti- estimated with these methods but some basic differ-
nations of the passengers. These forecasts are needeghces between an elevator trip and a single transit
in elevator dispatching to make robust call allocation route prevent their use. A single transit route is typ-
decisions in constantly changing traffic conditions. ically defined in advance and is not often changed.
An elevator trip is analogous to a single transit Hence, usually a single OD matrix is estimated for
route such as a bus line where there is at most onea certain time period using the corresponding refer-
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ence OD matrix and boarding and alighting counts ally only a very short time for solving the elevator trip
observed during that period. An elevator trip is re- OD matrix estimation problem. Therefore, we study
quest driven, which means that each elevator trip hasthe execution time of the branch-and-bound algorithm
its own set of OD pairs defined by the calls given by in finding all solutions to four typical example prob-
the boarding passengers. Hence, we need to estimatéems.

a separate OD matrix for each elevator trip. A natural

requirement is then that the estimated OD passenger

counts are integer-valued. The above methods donoty FORMULATION

in general meet this condition. In addition, when el-

evators are installed in a new building, the reference \ye gefine an elevator trip as a directed network of
matrix is not available and the elevator trip OD ma- |, qesN — {1,2,...,m}, and arcsA. The nodes

trices _have to e_stimated based only on the Observedcorrespond to the floors of a building. Lbt and
boarding and alighting counts.

g denote the measured number of passengers who
We model the elevator trip OD matrix estimation board and alight the elevator at nodaespectively.
problem as a minimum cost network flow problem. Furthermore, leN" C {1,2,...,m—1} andN~ C
This model can be used to solve the problemwhen the {2, 3,... . m} denote the set of pickup and delivery
measured boarding and alighting counts are consis-nodes, respectively. Node= N* if bj > 1, and node
tent taking into account also lower bounds onthe OD j € N-, if a; > 1. The nodes € N* andj € N,
passenger counts. When the counts are consistent, the+ 1 < j < m, define the OD paifi, j) if either the
result of minimizing the distance between the board- passengers who board the elevator at riadgister a
ing and alighting counts produced by the estimated el- delivery request to nodg or there is another node
evator trip OD matrix and the observed boarding and k € {1,2....,i— 1}, where a delivery request is regis-
alighting counts does not depend on the distance met-tered to nodg. LetA denote the set of arcs defined by
ric. The minimum cost network flow formulation is  the OD pairg(i, j),i € N*, j € N~. Finally, definex;;
appealing since it is a linear program which can be as the unobservable number of passengers from the
efficiently solved with the network simplex algorithm  origin nodei to the destination nodg i.e., the OD
(Bertsimas and Tsitsiklis, 1997). The elevator trip OD passenger count along the digj) € A.
matrix estimation problem is either over-, exactly- or Figure 1 presents an elevator trip with five nodes
under-determined, i.e., the number of OD pairs is ei- and OD pairs. This example corresponds to a situa-
ther less than, equal to or greater than the numbertion where the passengers who board the elevator at
of boarding and alighting counts. In the first case, the first node register delivery requests to nodes 3 and
the problem has a unique solution and in the last two 4, and the passengers who board the elevator at the
cases it has more than one solution. second node register a new delivery request to node 5.

We present a simple branch-and-bound algorithm In general, a boarding passenger cannot register a de-
to find all solutions to the problem. The algorithm is livery request to a destination where a request already
motivated by the one-three algorithm (Danna et al., €xists but it is of course possible that the passenger
2007). We want to find all solutions and then select travels to this destination. Hence, even if the passen-
one among them randomly because without any ad- 9ers who board the elevator at the second node cannot

ditional information it is impossible to know which ~ register delivery requests to nodes 3 and 4, it is possi-
of the solutions Correspond to the true OD passen- ble that some of them travel to these destinations. In

ger counts, i.e., to the realized passenger traffic. Inthe example, a dashed arc describes this situation, and
the long term, the random selection results to traf- thus, arcs (2,3) and (2,4) are dashed. It can also be as-
fic statistics, i.e., building OD matrices, that are not sumed that passengers who board an elevator cannot
affected by the a|gorithm used in So|ving the prob_ travel to destinations defined by delivery requests reg-
lem, and thus, model better the possible realizationsistered at later nodes. This is why there is no arc (1,5)
of the traffic. This is desirable when the statistics are in the example.

used to make passenger traffic forecasts for elevator
dispatching. An existing method to estimate an ele-
vator trip OD matrix from inconsistent boarding and
alighting passenger counts is based on solving a suc-
cession of positive inverse problems (Yoneda, 2007).

This method, however, cannot be used to find all so- Figure 1: Example elevator trip.
lutions.
In a real time elevator group control, there is usu- The OD passenger counts are related to the mea-
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sured boarding and alighting counts through the so unique OD passenger count vector satisfying the con-
called flow conservation constraints, i.e., the total straints (1)-(3). When the matrix is exactly- or under-
flow out of the node, i € N, equaldy;, and the total ~ determinedn > p, it is also rank deficient and there
flow into the nodg, j € N7, equalsa;: are always more than one OD passenger count vec-
tor satisfying the constraints. A unique solution can

Xj=hi VieNT, (1) be obtained by formulating the problem of finding the
ilG,1)eA elevator trip OD passenger counts as a minimum cost
Z xj—a YjeN. @ network flow problem.
i(i;])eA

2.2 Minimum Cost Network Flow
We assume that if there is a delivery request from Formulation
an origin node to a destination node, then at least one

passenger must be assigned to that OD pair. Henceirg model the elevator trip OD matrix estimation prob-
we obtain the following lower bounds for the OD pas- |em as a minimum cost network flow problem, we
senger counts: augment the directed network describing the eleva-

tor trip as is done in the simplex method for network
|ij = {

flow problems to find an initial basic feasible solution

(Bazaraa et al., 2009). We first add to the network
wherei — | signifies that a delivery request is regis- an additional noden+ 1, N = NU{m+1}. Then,
tered from nodé to nodej. for every pickup nodeé € N* we define the OD pair

The lower bounds could be further tightened. For (i,m+ 1) and for every delivery nodge N~ the OD

example, in Figure 1, the lower bound for the OD pair(m+1,j), and add the corresponding new arcs to
passenger coungs would beas. We assume, how-  the setA. The lower bound for each of these arcs is
ever, that the tightening of the bounds is done in the zero. Figure 2 presents the elevator trip of Figure 1
solver before solving the problem. We also assume with these additions. A dotted arc corresponds to an
that the measured boarding and alighting counts areOD pair incident to or from the additional node.
consistent, i.e.y; -+ bi = Y.~ &, and this holds
also when the lower bounds are subtracted from the
counts.

1,
0,

ifi—j
otherwise ’

®3)

2.1 Properties N
Figure 2: Augmented

by as’” 84, s

example elevator trip.

For every elevator trip with two or more nodes> 2,
the number of arca satisfies the following bounds:
to or from the additional noden+ 1 equal to zero,

@ and the cost of each arc incident to or from the addi-
The lower bound is the minimum number of edges tional node equal to one. The elevator trip OD matrix
and the upper bound is the maximum number of edgesestimation problem can now be mathematically for-
in any undirected graph. Since the elevator does mulated as a minimum cost network flow problem as
not change direction during a single trip, the graph follows:

We set the cost of each afic j), ¢ij, not incident
m—1<n<m(m-1)/2.

describing the elevator trip is acyclic, and thus, the

bounds for undirected graphs are valid. Minimize % Xmi1+ 3 Xmeij

The coefficient matrix corresponding to the con- 1N JeN=
straints (1) and (2) is the node-incidence matrix of the  subject to xj=b VieNT (5)
elevator trip. This matrix containg = |[N*|+ N~ i|(iTeA
rows andn columns, and its rank ip — 1 (Bazaraa ) B
et al., 2009). Note that any node on the elevator > Xj=aj VjeN (6)
trip that is both a pickup and a delivery node can HUNES
be split in two successive nodes so that the result- Xims1 + Xmi1j =0 (7)
ing delivery node precedes the pickup node. Then, i[(iMTDeA  j{(miTj)eA
p = mand equation (4) implies that> p— 1 always. xi >l V(i.]) €A

This means that when the node-arc incidence matrix

is over-determined) < p, thenn= p—1 and the ma-
trix has full rank equal tgp— 1. In this case thereis a
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Note that the optimal value of the objective function
is zero, i.e., the OD passenger counts of the arcs in-



Linear Programming Formulation of the Elevator Trip Origin-destination Matrix Estimation Problem

cident to or from the additional node are zero. Fur- Algorithm 1. Branch-and-bound algorithm.
thermore, because the measured boarding and alight
ing countsh; and a; are always integer-valued and Set of nodesN «- {rootnod¢

the node-incidence matrix defined by the constraints ~ Solve LP at nodeootnode

(5)-(7) is always totally unimodular, all solutions to ~ S€t of solutionsS« {x(rootnodg}

the problem are always integer-valued (Bazaraa etal., WhileN #0do
20009). Select node from N.

Set of nodesN + N\ {n}
if there exists a variablghat is not fixed by local
bounds of node: I;(n) < uj(n) then

3 BRANCH-AND-BOUND Create child nodes and fix bounds of nade

ALGORITHM m = {x <x(n) -1}, iz = {x >x(n) +1}
andli(n) = ui(n) = x(n)

All solutions to the elevator trip OD matrix estima- Set of nodesN < NU{n}

tion problem can be found with a branch-and-bound for j=1—2do

algorithm presented in Algorithm 1. The algorithm is Solve LP at noda;.

similar to the second phase of the one-tree algorithm if objectivez(n;) = O then

(Danna et al., 2007). One difference between the al- Set of solutionsS + SU {x(n;)}

gorithms is that our algorithm can be used only when Set of nodesN < NU {n;}

the solutions to the linear program (LP) are integer- end if

valued. A second difference is that we accept only end for

optimal solutions, i.e., whose objective value is zero, end if

whereas the one-tree algorithm also accepts solutions end while

whose objective value does not differ more than a pre-

defined percentage of the optimal value. Third, in our Silva et al., 2003) but these are not considered in this

algorithm every node always stores the solution of the paper.

LP defined by that node. Hence, when we select a

new node from the sd\l, the solution of the LP at

that node is readily available, and we proceed to test

whether all variables at the node are fixed by the local 4 NUMERICAL EXPERIMENTS

bounds of the node. If there is a variable that is not

fixed by the local bounds, we branch with respect to To study the performance of the branch-and-boundal-

one such variable, otherwise the node is fathomed. ~ gorithm, we formed four example problems. These
When branching with respect to variablat node ~ problems were selected based on simulations ran

n, we form the child nodes; andn; so that they do ~ With the Building Traffic Simulator (BTS), and they

not contain the value of the variaklat noden, x;(n). are typical for the elevator trip OD matrix estima-

To find also other optimal solutions where the value of tion problem (Siikonen et al., 2001; Kuusinen et al.,

the variabld is equal tax (n), we set the local bounds ~ 2012).

of this variable at nod@ equal tox(n) and add it The branch-and-bound algorithm was imple-

back to the set of noddés. When noden is next time mented with MATLAB 7.10.0 (R2010a) on a Pentium

selected from the s&t, branching at this node is done 2.66 GHz machine with 3.0 GB memory and Win-

with respect to some other variable thiaor the node  dows XP. The LP at each node was solved using the

is fathomed. Furthermore, the child nodes and the Cplex Class API provided in the CPLEX Optimiza-

corresponding solutions are added to the Ket®1dS tion Studio V12.2 for MATLAB. CPLEX was chosen

only if the solutions are optimal. since it is somewhat the academic and industry stan-
It is not always necessary to create two child dard for linear optimization problems.

nodes. For example, when the value of the variable  The Cplex class provides methods for the manip-

i at noden is equal to its lower boundg(n) = li(n), ulation of the model, which can be used to increase
we create only the right childrem = {x; > x;(n)+1} solving speed. One important manipulation is the se-
and fix the upper bound of variablet noden equal lection of the algorithm used by the Cplex instance.

to its lower bound, i.e., to its value;(n) = x;(n). In When the LP is solved for the first time at the root
addition, our branching strategy does not produce du- node of the branch-and-bound tree, the algorithm of
plicate solutions. There are also other possibly more choice is the network simplex algorithm since it tends
efficient algorithms than branch-and-boundto find in- to be faster than a general simplex algorithm for net-
teger solutions to network flow problems (Baldoni- work flow problems (Bertsimas and Tsitsiklis, 1997).
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Another advantage of the Cplex class is that after
solving a LP, the solution and the corresponding basis
can be obtained from the Cplex instance. Every node
stores this basis which is used as a starting basis at its
child nodes together with the dual simplex algorithm.
This is a typical approach in branch-and-bound algo-
rithms where the subproblem at each node is a LP and
can be solved using a simplex method.

Nt ={1,2,56},N" ={2,...,16},
A=1{(1,2),...,(1,6),(18),...,(1,16),
(2,3),...,(2,6),(2,7),(2,8),...,(2,16),
(5,6),...,(5,16),(6,7),...,(6,16)},
b=[21,1,2,1],
a=1[51,22211,1,2112211]

4.2 Numerical Results
4.1 Example Problems

) . The performance of the branch-and-bound algorithm
Problem 1, an over-determined problem, excluding js studied based on the execution time in seconds. To
the additional node and arcs, consists of the follow- 5ceount for the machine dependent variations in the
ing nodes, arcs, and boarding and alighting passengelyecytion time, we solved the first, second and fourth
count vectors: problem 500 times, and the third problem 10 times,
N* ={1,2,3},N" = {3,4}, and c_?rrrptl;]t.eg theblaverage eﬁecgtior; tilrgi_ of thbese

B runs. The third problem was solved only 10 times be-
A=1{{1,3),(2,3),(2,4), 3.4}, cause of a much longer execution time. Table 1 shows
b=[10,1111],a=[11,21]. the results, namely, the average execution time in sec-

The lower bound of an arc written in bold equals one, onds &lid the OO GTSDIATIONSTOT ecCITprotiem.

and zero otherwise. Hence, an arc written in bold

means that the passengers who board the elevator at ~ 12ple - Results of the numerical experiments.

the origin of the OD pair register a delivery requestto | Problem| Execution time| No. of solutions
the destination of the OD pair. Otherwise, the deliv- 1 0.0075 1

ery request to the destination is registered at an ori- 2 0.22 5

gin before the origin of the OD pair. Furthermore, in 3 68.6737 2016

this problem there is no arc (1,4) because the deliv- 4 1.0513 9

ery request to node 4 is registered by the passengers It can be seen that as the number of solutions in-

who board the elevator at node 2, and thus, the pas-
sengers who board the elevator at node 1 cannot b
traveling to node 4. The boarding and alighting pas-
senger count vectors are formed with respect to the
order of the nodes in the se6" andN~. For ex-
ample,b; = 10, by, = 11, b3 = 11, andag = 11 and
a4 = 21 for Problem 1.
Problem 2, an exactly-determined problem is de-
fined by:
Nt = {1,2,5}, N~ ={3,4,6},
A=1{(1,3),(1,4),(2,3),(2,4),(2,6),(5,6)},
b=10,11,10,a=[5,10,16],
and Problem 3, an under-determined problem by:
N+ = {L 2; 3a4}a N~ = {57 67 7}7
A= {(L 5),(1,6), (17 7)7 (27 5)7 (27 6)7 (27 7)7
(3,5),(3,6),(3,7),(4,5),(4,6),(4,7)},
b=[6,5,5,5,a=1[7,7,7].

Finally, Problem 4, also an under-determined problem
is defined by:
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creases, the execution time increases. The shorter the
execution time, the more information about the pas-
senger traffic the elevator group control has at the
moment of making a dispatching decision. Further-
more, the group control has to make a decision typ-
ically in less than 0.5 seconds. Hence, we conclude
that in a real time application, the minimum cost net-
work flow formulation and the branch-and-bound al-
gorithm can be used to find all solutions to problems
corresponding to Problems 1 and 2, i.e., over- and
exactly-determined problems. Fortunately, most real
problems are either over- or exactly-determined (Ku-
usinen et al., 2012).

5 CONCLUSIONS

In this paper, we studied the problem of finding the
origin-destination (OD) passenger counts for the OD
pairs of an elevator trip. An elevator trip is formally
defined as successive stops in one direction of travel
with passengers inside the elevator. We formulated
the problem as a minimum cost network flow prob-
lem. This formulation can be used to estimate the OD
passenger counts for elevator trips where the observed
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number of boarding and alighting passengers are con- methods to estimate route-level trip tables and expand
sistent. The elevator trip OD matrices estimated for on-board surveys.Transportation Research Record
a given time interval are combined to form a build- 1037:1-11.

ing OD matrix that describes the traffic flow between Bertsimas, D. and Tsitsiklis, J. (1997ntroduction to Lin-
every pair of floors in the building during that inter- Eféolggg:ﬁg?coﬂaﬁg‘sfgxns%egt"i'dz%”gom:gr:deas'
val. These matrices form traffic statistics that are used ' oo A '

f f ffic. The el | Cascetta, E. and Nguyen, S. (1988). A unified framework
to forecast future traffic. e elevator group contro for estimating or updating origin/destination matrices

uses these forecasts to make robust call allocation de- from traffic counts. Transportation Research Part, B
cisions in constantly changing traffic conditions. 22(6):437-455.

The coefficient matrix associated with the so Danna, E., Fenelon, M., Gu, Z., and Wunderling, R. (2007).
called flow conservation constraints is either over-, Generating multiple solutions for mixed integer pro-

exactly- or under-determined. In the last two cases the grammizré% pzrgglesms_. IrIP\;:Ol 2007, LNCS 4513
problem has always more than one solution. We pre- - Pa3€s £o0=94. Springer-veriag.

: ) ] : .4 Fisk, C. (1988). On combining maximum entropy trip ma-
sented a simple branch-and-bound algorithm to find trix estimation with user optimal assignmeritrans-

all solutions to the problem. When all solutions are portation Research Part 22(1):69—79.

available and one is selected randomly, the long-term .1 p and Navick. D. (1992). Bus route o-d matrix
traffic statistics, i.e., building OD matrices, are not generation: Relationship between biproportional and
affected by the algorithm used to solve the problem, recursive methods.Tranportation Research Record

and thus, model better the possible realizations of the 1338:14-21.

passenger traffic. This is desirable when the statisticsKuusinen, J.-M., Sorsa, J., and Siikonen; M.-L. (2012).
are the basis of the passenger traffic forecasts used The elevator trip origin-destination matrix estimation
in elevator dispatching. To assess the performance of EL??;‘EL“,; ggizﬁzlész?dznaiguscnpt submitted to Trans-
the algorithm, we studied its execution time in solv- T ;

. Lamond, B. and Stewart, N. (1981). Bregman’s balancing
ing four example problems. Based on the results, the method. Transportation Research Part R5(4):239—

formulation and algorithm can be used in a real time 248.
elevator group control application to solve over- and | . (2009). Markov models for bayesian analysis about
exactly-determined problems. Fortunately, most real transit route origin-destination matrice¥ransporta-
problems correspond to these problems. tion Research Part B43(3):301-310.

As the results suggest, the execution time is not Li, Y. and Cassidy, M. (2007). A generalized and effi-
acceptable for under-determined elevator trip OD ma- cient algorithm for estimating transit route ods from

; : ; ; passenger countsTransportation Research Part,B
trix estimation problems. Hence, an ongoing research 41(1)114-125.

Ivsvto fmdl morte C?f.nment \t/;I]a)éS Eﬁ ?Olve éhe pr(()jbtlem.t_ Lundgren, J. and Peterson, A. (2008). A heuristic for the
€ are also stu V'”Q methods : a ‘?an e usedto est- bilevel origin-destination matrix estimation problem.
mate the elevator trip OD matrices in the presence of Transportation Research Part B2(4):339-354.

inconsistent boarding and alighting counts. A future maner, M. J. (1983). Inferences on trip matrices from ob-

challenge is to find out what method to use to make servations on link volumes: a bayesian statistical ap-
forecasts based on the collected traffic statistics, and proach. Transportation Research Part,B7(6):435—
detect whether the forecasts made for a given time in- 441.

terval are adequate, and thus, can be used by the eleNguyen, S. (1984). Estimating origin-destination masice
vator group control application from observed flows. In Florian, M., editofrans-

portation Planning Modelspages 363-380. North-
Holland, Amsterdam.
Siikonen, M.-L., Susi, T., and Hakonen, H. (2001). Passen-
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