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[DESCRIPTION]
- [Title of Invention]

SYSTEM AND METHOD FOR CONTROLLING MOTION OF A BANK

OF ELEVATORS |

[Technical Field]

[0001]

The present disclosure relates generally to elevator destination prediction and

scheduling, and more specifically to a system and method for controlling

motion of a bank of elevators.

[Background Art]

[0002]
: Nowadays, elevators are commonly used in offices and residential buildings
on day to day basis. The elevators (also called “cars”) in an elevator bank are
coupled with control systems which determine destination of elevators and
control scheduling of the elevators.
[0003]
Some control systems are configured to predict the déstination of the
elevators. Such predicted destinations include information of arrivals of future
passenger\s of the elevators. Based on the predicted destination, the elevators
are scheduled. Generally, scheduling a group of elevators (also called Group
Elevator _Schéduling (GES)) is a combinatorial optimizatibn problem for an
elevator bank with two or more cars. The goal of the most common instance
of this problem is to assign elevator cars to passengers fequesting an elevator
car by pressing an UP or DOWN button. On receiving the requests, a
scheduler assigns a car to each passenger so that a performance metric, e.g.,

an Average Waiting Time (AWT) for all passengers is minimized. The AWT
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is defined as the length of a time interval, from the moment a passenger |
makes the request until a car arrives, averaged over many requests of
passengers. To that end, various scheduling methods have been identified.
[0004]

Most eXisting schedulers only service known requests and destinations, that
is, they ignore future arrivals of the passengers altogether. Some recently
proposed schedulers use algorithms that consider statistics of arrivals of future
passengers, see, e.g., U.S. Patent 9,834,405. However, the statistical
estimation of the arrival times of the future passengers is laborious and often
does not provide accurate representation of actual futﬁre reciuests for the
elevator service.

[0005]

Accordingly, there is a need of a system that more accurately defermines
arrival of the future passengers for scheduling elevators.

[Summary of Invention]

[0006]

It is an objective of some embodiments to provide a system and a method for
predicting destination of future passengers and scheduling elevator cars in a
group elevator system (GES), and more particularly to determine predictive
information regarding arrival times of future passengers at any floor of a
building. Further, it is an objective of some embodiments to determine a
schedule for the GES including a group of elevator cars based on the
predictive information, where the schedule optimizes a performance metric by
minimizing an Average Waiting Time (AWT) for all passengers.

[0007]
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Some embodiments formulate a problem of prediction of occurrences of
future elevator requests and time of the occurrences of the future elevator
requests.as an extended destinaﬁon prediction problem. The destination
prediction problem aims to estimate .a final destination of a trajectory of a
passenger based on partial observations of the trajectory. Hence, the
destination prediction problem can be used to estimate the final destination of
a person based on his/her current motion aﬁd consider the person as a future |
passenger if the final destination is within an elevator request area, such as
near the elevator call button or otherwise associated with an elevator request.
However, accurate destination prediction is a notoriously difficult problem.
Moreover, just predicting whether a person would request an elevator service
or not is insufficient, i.e., there is also a need to estimate a time of such a
future elevator request.

[0008] |

Hence, the extended destination prediction problem extends the destination
prediction broblem by predicting not only the final destination of the
trajectory, but the time of arrival at the final destination. In addition, the
extended destination prediction problem replaces prediction of whether a
destination of a person is associated with an elevator request with just
prediction of various possibilities of destinations, which is computationally
simpler and can benefit designing and training extended destination
prediction, as described below.

[0009]

Further, some embodiments are based on model-based or deep learning-based
approaches for solving the extended destination prediction problein. Some

embodiments are based on a realization that artificial intelligence (AI)-based
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destination prediction for the requirement of elevator scheduling is difficult.
More specifically, such an adaptation to predict destination of the passenger
by the Al-based destination prediction is difficult because a person (i.e. the
passenger) in a typical office setting has a lot of freedom of movement and
destination choices and an incomplete trajectory of the person may leéd toa
variety of final destinations. Moreover, in the office settings, the notion of
final destination is illusive, i.e., any final destination can be an intermediate
one and vice versa. In such a manner, prediction of whether the final
destination of the partial trajectory is an elevator request area is challenging.
In addition, prediction of distribution of time of arrival, for example in the
Gauss-Bernoulli distribution, by a neural network is difficult to achieve,

 because the neural network cannot easily proVide a probability distribution of
the needed type as its continuous output. | | |

'[0010]
To that end, some embodiments are based on the realization of training the
neural network to output results of destination prediction in a form of a
multinomial distribution. In some implementations, the multinomial is two-
dimensional having one dimension to define the destinations and the other
dimension to define the times of arrival. The two-dimensional multinomial
distribution can be visualized as a matrix having, e.g., names of destinations
for columns or rows, intervals of time for rows or columns and values of the
matrix defining probabilities of arrival at the corresponding destination at a
corresponding interval of time. The interval of time can be denoted by the
instance of time in the beginning, middle or the end of this interval. Further,
the sum of all values in the matrix is equal to “1” reflecting the probabilistic

nature of the multinomial distribution. To achieve this, some embodiments
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define an exhaustive list of destinations to ensure that if thé motion of the

~ person is detected, the person will have a final destination in the defined list
of destinations. More specifically, an area serviced by an elevator system
(e.g., a floor in an office building) is quantized into a tessellation of locations,
referred herein as tessellation elements. As contrasted with semantic
destinations, like kitchen, corridor, meeting room, or the likes, such a
quantizntion ensures the exhaustive list of destinations and better align with
various motion sensing methods. |
[0011]
As used herein, tessellation is an arrangement of shapes closely fitted together
in a pattern without gaps or overlapping. Examples of the shapes include
squires, rectangles, polygons, and the like. When the tessellation uses the
squared shapes, such a tessellation can also be referred as a regular grid or
just as a grid. When the tessellation uses rectangular shapes of different
dimensions, such a tessellation can also be referred as an irregular grid. In
different embodiments, the tessellation elements can have the same or
different shapes to better fit in the layout of the area serviced by an elevator
system.
[0012]
In some embodiments, sensing and tracking of the passenger on the floor is
implemented by radio antennas that are located every few meters in the
building. Accordingly, a “location N or “tessellation element N” indicates
that the passenger is detected by an antenna number N. If multiple antennas
detect the passenger, the number of the sensing antennas can be determined
by a fixed tie-breaking order of the antennas. In some other embodiments, the

person is detected by means of other sensors such as camera sensors.
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[0013]

In addition, the time dimension is also quantized into a set of intervals of time
defining a time period for the prediction (also called as a period of |
prediction). The time period and granularity of the quantization can depend on
computation capabilities and/or be defined by application requirements. Thus,
the period of prediction is configurable. For example, in some embodiments,
the destination prediction is for the next 10 seconds, accordingly the
quantized time period in the multinomial distribution is 10 seconds.

[0014]

In some embodiments, training the prediction neural network to output
prediction estimation in a form of the multinomial has a number of
advantages. First, the multinomial replaces an individual prediction of a
probability of arrival to an elevator request area with a joint prediction of
arrival at any destination where the elevator request area is one of the
destinations. Hence, a probability of arriving at the elevator request area is
naturally determined with respect to other destinations when two conditions
are satisfied. The two conditions include the list of destinations being |
exhaustive and the sum of all values in the multinomial equal to “1”. The first
requirement is satisfied by space quantization and the second requirement is
enforced during the training of the neural network.‘In such a manner, the
extended destination prediction of probability of arrival at an elevator request
area is simpliﬁéd. Second, the time dimension of the multinomial eliminates
the necessity of continuous output for the time of arrival as required in
existing systems (for example, in the Gauss-Bernoulli distribution). This is
because different values for the elevator request area determined for different

time instances represent samples on the continuous distribution of time of
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arrival with corresponding probabilities defined by the values for the elevator
request area. In fact, the probability distribution of the time of arrival can be
derived by interpolating values of the probability of arrival in the elevator
r_equ‘estvarea at different time instances. However, different embodiments are
implemented to use the values of arrival at different time instances without
building probability distribution. This is advantageous, because such |
implementations do not limit the extended destination prediction to ahy
specific type of distribution.

[0015]

Further, the time dimension of multinomial disfribution can define the period
of interést for destination prediction. In one embodiment, this period
corresponds to the maximum time period in which a person will. reach fhe
elevator. In another embodiment, such period is determined by the scheduler.
This is advantageous because it allows replacing prediction of whether and
when a passenger will arrive at an elevator request area with a prediction -
where the passenger will arrive within the next prediction period. Such a
reformulation of the problem simplifies training of Al-based extended
destination prediction estimator. |

[0016]

In some embodiments, historical trajectories data may be utilized to train a
neural network model and predict destinations and arrival times of potential
future passengers as per their partial trajectories. A whole arrival stream,
considered in a scheduling task for the elevator cars on any floor at a current
time, includes the arrivals of the current passengers (who have arrived and
made a request for service), and thé predicted arrivals of future passengers,

where the latter are termed as continuation sets of the current arrival stream.
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[0017]

In some embodiments, the bank of elevators is scheduled by considering
current and future service requests using continuation sets. Such continuation
sets are obtained based on execution of simulations (e.g. Monte Carlo
simulation). Each continuation set includes current request and a combination
of futur‘e requests. Individually, each continuation set is deterministic, because
both the current and the future request are considered as actual réquests. But
collectively, different combinations of future requests in different
continuation sets allow some embodiments to capture probabilistic nature of
the future requests.

[0018] | |

To that end, some embodiments are based On a realization that not all
destinations in the multinomial are associated with an area service by the
elevators. Accordingly, in such embodiments, the multinomial is filtered
based on the destinations which are related to the area serviced by the bank of
elevators. Based on the filtering, the continuation sets are obtained by
drawing samples from the multinomial produced by the destination predictor,
based on the destinations which are associated with the area serviced by the
elevators, such that precise continuation sets are obtained for the destination
related to the area serviced by the elevators.

[0019]

In some embodiments, a destination predictor is utilized to determine the
multinomial for predicting the future arrivals of passengers. Such a
destination predictor is implemented based on deep learning-based
approaches (Deep neural network (DNN)). The deep leaming-based methods

have an ability to be adapted to non-language applications, such as
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destination/trajectory predictiori. Examples of the DNN include, buf are not
limited to, Recurrent Neural Networké (RNN), Long short-term memory
(LSTM) based neural network, Bi-LSTM based néural network, transformer
architecture based neural network.
[0020]
Some embodiments are based on the realization that transformer architecture
can be advantageous for the extended destination prediction. The transformer
architecture of the DNN is utilized for various speech related applications
such as language translation, natural language understanding, and document
generation. The transformer architecture is devoid‘ of any recurrent cell units
present in RNN models and instead relies on a more effective attention
module for relating elements in a sequence. Some embodiments are based on
the realization that extended destination prediction can be seen as a
transcription of partial trajectory due to mapping nature of the transformer
architecture, which makes the transformer architecture applicable to the
extended destination prediction tasks. Accordingly, in some embodiments, the
destination predictor uses the transformer-based neural network architecture.
Both pdsitional and timing components in fhe sensed trajectories data are
discretized. The continuation sets are formed by filtering the prédicted
destinations with respect to elevator landings. To deal with uncertainties in
 the arrival times, Monte Carlo simulations are applied to generate multiple
continuétion sets, by drawing samples from the multinomial distribution
produced by the neural net. Once a complete arrival stream of current and
potential future passengers is obtained, in the form of multiple cbntinuations,
the schedule to céntrol the elevators is determined, for example by using the

method described in US Patent 9,834,405, method and system for scheduling
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elevator cars in a group elevator system with uncertain information about
arrivals of future passengers.
[0021]
Accordingly, one embodiment discloses a control system for controlling
motion of elevators of a bank of elevators, the control system comprising a
first input interface configured to accept current requests from passengers for
service by the bank of elevators; a second input interface conﬁgured to
receive a partial trajectory of a motion of a person moving on a floor that
comprises an area serviced by the bank of elevators. The control system
further comprises a processor configured to execute, upon receiving the
partial trajectory of the motion of the person, a neural netWork trained for an
extended destination prediction of the person having the motion according to
the partial trajectory to produce a multinomial of the extended destination
prediction for the person, where the multinomial has at least two dimensions
| including a first dimension of destinations of the person and a second
dimension of time intervals of the person arriving at the destinations of the
first dimension, and where a sum of values of the multinomial is normalized
 to one. Further, the floor is quantized into tessellation elements forming the
destinations of the first dimension, and where at least one tessellation element
is associated with the area serviced by the bank of elevators. The processor is
further conﬁgurevd to optimize a schedule of the bank of elevators to serve the
current requests from passengers and future requests of the persons, for
elevator service at the time instances provided in the multinomial with
probabilities of corresponding values in the multinomial determined for the
tessellation element associated with the area serviced by the bank of

elevators; and control the bank of elevators according to the schedule.
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[0022]
Further, the time intervals of the second dimension quantize a period of
prediction, and where the period of prediction is the maximum time
considered by the control system for the future requests of the persons.
[0023] |
In another embodiment, the processor is further configured to draw samples
from the multinomial distribution determined for the tessellation element
associated with the area serviced by the bank of elevators to produce multiple
combinations of times of request, where a frequency of occurrence of a
specific time instance in the multiple combinations of times of request ié a
probability of future request for the elevator service at the specific time
interval having a value in the multinomial at an intersection of the specific
time interval and the tessellation element associated with the area serviced by
the bank of elevators. The actual time of the request is assumed to be the
beginnihg or midpoint of the time interval of the multinomial distribution.
The processor is further configured to combine each of the mulﬁple
combinations of times of request with the current request to produce multiple
continuatjon sets; and determine the schedule of the bank of elevators to
optimize a metric of performancé for at least some passengers in combination
of all of the continuation sets.
[0024]

* In another embodiment, the partial trajectories comprise trajectories data
containing only positional information, where each trajectory is represented
by a sequence of tessellation indices, where the tessellation indices are

obtained by discretizing range of positional coordinates, and where the range
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of positional coordinates represent longitudes and latitudes associated with
the tessellation elements. . |

[0025]

In another embodiment, the partial trajectories comprise trajectories data
containing both positional information and timing information, where each
trajectory is represented by a sequence of tuples of tessellation indices, and
where each tuple contains tessellation indices obtained by discretizing a range
of positional coordinates and the period of pfediction.

[0026]

In another embodiment, the timing information of trajectories is extracted by
considering relative times in terms of elapsed times with respect to their
starting time stamps. |

[0027] |

In another embodimént, each trajectory is represented by a sequence of
symbols, and where each symbol is mapped from a tuple of tessellation
indices that indicates the positional information and the timing information.
[0028] | |

In another embodiment, the continuation sets are formed through filtering the
destinations by considering only the area serviced by the bank of elevators. |
[0029]

In anbther embodiment, the neural network has transformer architecture,
where the transformer architecture uses a positional encoding and an attention
mechanism, that enables parallelization. |

[0030]

Another embodiment discloses, a method for controiling motion of elevators

of a bank of elevators, the method comprising obtaining current requests from
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passengers for service by thé bank of elevators; obtaining a partial trajectory
of a motion of a person moving on a floor that comprises an area serviced by
the bank of elevators. The method further comprising executing; upon |
receiving the partial trajectory of the motion of the person, a neural network
trained for an extended destination prediction of the person having the motion
according to the partial trajectory to produce a multinomial of the extended
destination prediction for the person, where the multinomial has at least two
dimensions including a first dimension of destinations of the person and a
second dimension of time intervals of the person arriving at the destinations
of the first dimension. Further, the floor is quantized into tessellation elements
forming the destinations of the first dimension, and where at least one
tessellation element is associated with the area serviced by the bank of
elevators. The method further comprising optimizing a schedule of the bank
of elevators to serve the current requests from passengers and future requests
of the persons, for elevator service at the time intervals provided in the
multinomial with probabilities of corresponding values in the multinomial
determined for the tessellation element associated with the area serviced by
the bank of elevators; and controlling the bank of elevators according to the
schedule.
[0031]
In another embodiment, the method further comprising performing a Monte
~Carlo simulation of the arrival process by drawing samples from the
multinomial determined for the tessellation elemenf associated with the area
serviced by the bank of elevators to produce multiple combinations of times
of request, where a frequency of occurrence of a specific time interval in the

multiple combinations of times of request is a probability of future request for
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‘the elevator service at the specific time interval having a value in the
multinomial at an intersection of the specific time interval and the tessellation
element associated with the area serviced by the bank of elevators; combining
each of the multiple combinations of times of request with the current request
to produce multiple continuation sets; and determining the schedule of the
bank of elevators to optimize a metric of performance for at least some
passengers in combination of all of the continuation sets.

[0032] |

The presently disclosed embodiments will be further explained with reference
to the attached drawings. The drawings shown are not necessarily to scale,
with emphasis instead generally being placed upon illustrating the principles
6f the presently disclosed embodiments..

[Brief Description of Drawings]

[0033]

[Fig. 1A]

Fig. 1A is illustrates an environment for a control system for controlling
motion of a bank of elevators, according to an embodiment of the present
disclosure. | | |

[Fig. 1B]

Fig. 1B is illustrates a block diagram of the control system, according to an
embodiment of the present disclosure.

[Fig. 1C]

- Fig. 1C is illustrates quantization of a floor in tessellation elements of a
regular grid for multinomial distribution, according to an example |
embodiment of the present disclosure.

[Fig. 1D]
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Fig. 1D is illustrates quantizétion of the floor in tesséllation elements of

irregular grid for the multinomial distribution, according to an example

embodiment of the present disclosure.

[Fig. 1E]

Fig. 1E is illustrates a graph of quantization of elapsed time of a trajectory for

destination prediction, according to an embodiment of the present disclosure.
 [Fig. 1F] |

Fig. 1F is illustrates Monte Carlo simulation for obtaining continuation sets

based on the destination prediction, according to an embodiment of the

present disclosure.

[Fig. 1G]

Fig. 1G is illustrates exemplary representation of continuations sets based on

the destination prediction, according to an example embodiment of the

préserit disclosure. -

[Fig. 1H]

Fig. 1H is illustrates a schematic of scheduling cars of the bank of elevators

based on the continuation sets, according to an exarhple embodiment of the

present disclosure.

[Fig. 2A]

Fig. 2A is illustrates a block diagram of the destination predictor, accdrding to

an enibodimeht of the present disclosure.

[Fig. 2B]

Fig. 2B is illustrates a block diagram of the neural network, according to

another example embodiment of the present disclosure.

[Fig. 2C]
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Fig. 2C is illustrates a layout of a floor in a building with multiple trajectories
of pedestrians for training and one partial trajectory of a pedéstrian for testihg
of the destination predictor, according to an embodiment of the present

| disclosure.
[Fig. 2D]
Fig. 2D is illustrates a plot of comparison of probability of destination
prediction determined by a transformer architecture based neural network,
Long short-term memory (LSTM) based neural network, and Bi-direction
long short-term memory (BiLSTM) based neural network, according to an
example embodiment of the present disclosure. |
[Fig. 2E]
Fig. 2E is illustrates a plot of comparison of probability of destihation
prediction determined by the transfofmer architecture based neural network, -
LSTM based neural network, and BiLSTM based neufal network, according
to another example embodiment of the present disclosure_.

[Fig.3)
Fig. 3 is illustrafes steps of a method implemented for controlling motion of
the bank of elevators, according to some embodiments of the prf;sent
disclosure.
[Fig. 4]
Fig. 4 is illustrates steps of a method implemented for Monte Carlo simulation
for determining a schedule for controlling motion of the bank of elevators,
according to some embodiments of the present disclosure.
[Description of Embodiments]

[0034]
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While the above-identified drawings vset forth presently disclosed
embodiments, other embodiments are also contemplated, as noted in the:
discussion. This disclosure presents illustrative embodiments by way of
representation and not limitation. Numerous other modifications and
embddiments can be devised by those skilled in the art which fall within the
scope and spirit of the principles of the preséntly disclosed embodiments.
DETAILED DESCRIPTION |
[0035]
In the following description, for purposes of explanation, numerous specific
details are set forth in order to provide a thorough understanding of the
present disclosure. It will be. apparent, however, to one skilled in the art that
the present disclosure may be practiced without these specific details. In other
instancés, apparatuses and methods are shown in block diagram form only in
order to avoid obscuring the present disclosure. |
[0036]
As used in this specification and claims, the terms “for example,” “for
instance,” and “such as,” and the verbs “comprising,” “having,” “including,”
and their other verb forms, when used in conjunction with a listing of one or
more components or other items, are each to be construed as open ended,
meaning that the listing is not to be considered as excluding other, additional
components or items. The term “based on” means at least partially based on.
Further, it is to be understood that the phraseology and terminology employed
herein are for the purpose of the description and should not be régarded as
limiting. Any heading utilized within this description is for convenience only
- and has no legal or limiting effect. | | |

[0037]
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The present disclosure discloses a control S};stem to provide a solution for
GES problem expiained earlier. A GES control systefn uses a scheduler to
assign elevator cars to passengers such that a performance metric, e.g. average
waiting time (AWT) for the passengers is minimized. Currently, many
schedulers service only known requests (or currently é’xisting requests) and
known destinationé to optimize the AWT. These requests have typically been
- communicated to the GES system directly by the passengers, using hall call
and carvcall buttons. However, it would be advantageous if the scheduler cén
determine a schedule for thé elevator cars by taking future requests for the
elevator service into consideration. The AWT can be minimized significantly
by taking the information associated with the future requests in consideration.
[0038]
For example, a first passenger on a sixth floor of a building requests service
from a bank of elevator to go to first floor of the building,. Consider. that an
elevator car assigned to provide service to the first passenger is currently at
fifteenth floor. Consider that in next five seconds a second passenger on tenth
floor will also request the service to go the first floor. In this case, the |
scheduler determines beforehand this information associated with arrival of
future passenger i.e. the second passenger, the scheduler may determine a
schedule such that the elevator car on the fifteenth floor may wait for five
seconds till the future passenger i.e. the second passenger requests the service
to go to the first floor. On reception of the request from the second passenger,
the elevator car may first pick up the second passenger from the tenth floor
and then may pick the first passenger on the sixth floor, accordingly both the

passengers maym arrive on the first floor together. Thus, it is desired to have
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some information about future arrivals to further optimize the AWT of the
passengers.
[0039]
However, there are problems associate.d with using information of the future ,.
| errivals for scheduling. It is difficult to predict a probability of service
- requests by the future passengers and a probability of possible times of the
service requests. Further, even if these probabilities are somehow determined
or predicted, it is still difficult to use these probabilities for scheduling
purposes. ' |
-[0040]
To address these problems, some sehedulers may“use algorithms, which take
known services (i.e. existing or current service requests), known destinations,
and probability of arrivals of future passengers into account. These schedulers
may account for the arrivals of future passengers by first generating a set of
| probability distributions for such arrivals at any floor of the building, where
the set of probability distributions are characterized by probabilistic variables
(i.e. the probability of service requests by the future passengers and the
probability of possible times of the service requests) that specify arrival
information of the future passengers.
[0041]
Some embodiments are based on understanding that schedulers ean determine
the arrival information based on the set of probability distributions, where the
set of probability distributions (i.e. arrival information of future passengers) is
assumed to follow some known forms of distribution; .for example, a Gauss-
Bernoulli probabiiistic distribution. As the arrival of the future pas'seng_ers is

assumed, the set of probability distributions is not accurate. Consequently, the
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schedul.er inéy not be able to effectively optimize the AWT for the current
and the future passengers. |
[0042]
To address such issues, the present disclosure proposes a control system that
replaces statisﬁcal estimation of probabilistic distributions of the future
arrivals to predict future arrivals of passengers.
[0043]
FIG. 1A illustratés an environment for a control system 101 for controlling
motion of a bank of elevators 109, accordiﬁg to an embodiment of the present
disclosure.
[0044]
The control system 101 may predict arrival information of potential future
passengers based on trajectories of the passengers. The predicted arrival
information is used to determine a schedule (the schedule 107) for elevator
cars (such as cars 125 and 127) of the bank of elevators 109 to service

~ passengers for a desired floor from a set of floors 129a, 129b, 129c¢, 129d,
129¢, and 1291 (also called as the set of floors 129a to 129b) in a building (not
shown in FIG. 1A).
[0045]
To that end, the control system 101 may accept one or more current passenger
requests 119 from one or more passengers for service provided by the bank of
elevators 109, and receive partial trajectories 113 of a motion of each of the
one or more persons (i.e. one or more passengers) moving on a floor (for
example, a floor of the set of floors 129a to 129f) that comprises an area
serviced by the bank of elevators 109. The partial trajectories 113 may

comprise data associated with movements of potential future passengers 115
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in any ﬂoof of the set of floors 129a to 129f. The control system 101 may use
sensors 117 to capture the movements of the potential future passengers 115
in order to determine partial traj.ectories 113 of the potential future passengers
115, where each partial trajectory may be incomplete and its final destination
is yet to be predicted. |
[0046]
Further, the control system 101 may utilize the partial trajectoriés 113 as input
to the neural network 103, which may predict arrival information of potential
future péssengers as output in a form of a multinomial 111, where the arrival
informétion may include all the possible destinations and corresponding time
instances. | |
[0047]
The multinomial 111 is a two-dimensional entity having one dimension
corresponding to the destination (e.é. destl, dest2, and dest3) and the other

~ dimension corresponding to the time of arrival (e.g. t1 and t2). In particular,
the two-dimensional multinomial distribution may be a matrix having names
of destinations for columns or.rows and instances of time for rows or |
columns, where values of the matrix defining probabilities' of arrival at the
corresponding destination at a corresponding interval of time. The
destinations of the first dimensions are obtained by quantizing each floor of
the set of floors 129a to 129f into tessellation elements. As the destinations
are obtained by quantizing the floor (for example 129a) the destinations may
correspond to different locations on the floor. For example, destination 1 may
be a cafeteria, destination 2 may be a service request area, and destination 3

may be a cabin, located on the floor. Simultaneously, the time dimension is
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period of interest for the prediction.
[0048] | |
Accordingly, an extended destination prediction, at each time interval at
different destinations, of the person having the motion according to the partial
trajectories 113 is performed by the neural network 103. Further, a sum of all
values in the matrix is equal to ‘1’ reflecting the probabilistic nature of the
multinomial distribution. For instance, the sum of values in the multinomial
11115 0.03 +0.01 + 0.6 + 0.02 +0.04 +0.3 = 1. This enables the neural
network 103 to determine a probability of passengers arriving to a particular
destination, say the elevator request area, with respect to other destinations.
Accordingly, the accurate destination prediction is executed.
[0049] |
In some embodiments, the neural network 103 may be configured to utilize a
time period of interest and a quantization value to determine thé arrival of a
passenger at different time intervals. For examplé, if thé time period of
interest for the prediction is “5 seconds” with a quantization equal to ‘1
second’. Then according to the multinomial 111, the neural network 103 may |
predict that arrival of a future passenger is associated with 5 intervals of time
(e.g. t1, t2, 13, t4, and t5). Accordingly, the probability of arrival at a specific
destination is equal to the sum of values of the destination across all time
intervals. Further, the control system 101 utilizes such information to
determine the schedule 107 to control operation of the bank of elevators 109.
[0050] |
More specifically, upon receiving the partial trajectories 113, the neural

network 103 of the control system 101 may produce the multinomial 111 of
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the extended destination prediction for one or more persons. The multinomial
111 may have at least two dimensions including a first dimension of
destinations of the person and a second dimension of time intervals of each
person arriving at the destinations in the first dimension. Each floor of the set
of floors 129a to 129f may be quantized into tessellation elements forming the
destinations of the first dimension'corresponding to each floor. The
multinomial 111 may be determined for the entire floor (e.g. the floor) 129a
and each tessellation element may be associated with different areas of the
floor. At least one area of the different areas éorresponds to the area serviced
by the bank of elevators 109, and probabilities of corresponding values of the
multinomial 111 rhay be determined for each tessellation element associated
with the area serviced by the bank of elevators 109. The list of destinations in
the multinomial 111 is exhaustive and the sum of values of in the multinomial

“1”

is equal to “1”, which ensures that a person roaming on the floor (for example
129a) can always be located in at least one destination of the list of
destinations.
[0051]
Further, some embodiments are based on the realization that the AWT of the
one or more passengers for:the service may be optimized based on
information associated with one or more passengers who have currently
requested the elevator service and one or more passengers (also called as one
or more unserved passengers) for elevator service at the time instances
‘provided in the multinomial 111 with probabilities of corresponding values in
the multinomial 111 determined for the tessellation element associated with

the area serviced by the bank of elevators 109. Such requests from current

passengers are also referred to as current passenger requests 119. Further, the
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one or more unserved passengers who are ndt picked by the elevator cars
(e.g., car 125 and car 127) are referred to as existing unserved passengers 121.
Accordingly, the control system 101 is required to determine a schedule for
all the passengers including the unserved passengers such that the AWT for
all the passengers is reduced.

[0052]

To that end, the control system 101 uses the scheduler 105 that determines a
schedule 107 for the service by the bank of elevators 109 such that one or
more performance metric such as AWT for all passengers is optimized. The
scheduler 105 obtains information of the current passenger requests 119 and
information of eXisting unserved passengers 121 along with the predicted
arrival information of potential future passengers (i.e. the multinomial ‘1 11),
to determine the schedule 107 for a controller 123 coupled to the bank of
elevators 109. |

[0053]

The bank of elevators 109 comprising multiple cars such as the car 125 and
the car 127 installed in a building with multiple floors (the set of floors 129a
to 1291). After receiving the schedule 107, the controller 123 issues
commands to the car 125 and/or the car 127 to move across the set of floors
129a to 129f to pick ﬁp the one or more passengers accordingly.

[0054]

FIG. 1B illustrates a block diagram of the control system 101, according to an
embodiment of the present disclosure. |

[0055] |

The control system 101 may comprise a first inpuf interface 131 configured to

accept current requests from the one or more passengers for service by the
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bank of elevators 109. The first input interface 131 may comprise a dashboard
including devices (such as buttons, touch screen, and the like) which may be
used by the one or more passengers to request service, such as by pressing an
up button or a down button. In another embodiment, the first input interface
131 may comprise Destination Control (DC) panel such that the destination
floor is determined before getting into the elevator. |
[0056] | |

| Further, the control system 101 may comprise a second input interface 133
which may be configured to receive partial trajectories 113 of motion of the
one or more passengers moving on a floor (for example, the floor 129a) that
comprises information of the area serviced by the bank of elevators 109. The
second input interface 133 may be in direct cominunication with the sensors
117 (for example the motion sensors) to obtain the partial trajectories 113 of
the motion of one or more passengers on the floor.
[0057] |
Each of the first interface 131 and the second interface 133 is connected to
other components (such as a processor 137, stofage 139, and the like) of the
control system 101 through a bus 135. Further, the control system 101
includes the processor 137 configured to execute instructions stored in the
storage 139. The processor 137 may be a single core processor, a multi-core
processor, a computing cluster, or any number of other configurations. The -
storage 139 may be a random access memory (RAM), read only memory
(ROM), flash memory, or any other suitable memory systems. The processor
137 may be connected through the bus 135 to the other components of the

~ control system 101. |

[0058]
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The instructions can implement a method for controlling motion of the bank
of elevators 109. To that end, storage 139 may include a set of instructions as
a neural network 103 that is used to_implement a destination predictor 141.
The destination predictor 141 may be implemented to predict destinations of
one or more persons. The neural network 103 may obtain the partial
“trajectories 113 from the second input interface 133. Upon obtaihing the
partial trajectories 113, the processor 137 may execute the neural network 103
which is trained for an extended destination prediction of a person by
producing the multinomial 111 of the extended destination prediction for the
person. The processor 137 may be further configured to optimize the schedule
107 to serVe the current requests from one or more passengers and future
requesfs of the one or more passengers at the time instances provided in the
multinomial 111 with probabilities of corresponding values in the
rﬁultinomial 111 determined for the tessellation element associated with the
area serviced by the bank .of elevators 109.
[0059]
The instructions of the storage 139 further include the scheduler 105 that is.
configured to assign a car (e.g. the car 125 or the car 127) to each passenger
so that a performance metric, e.g., an Average Waiting Time (AWT) for all
passengers, is minimized. To that end, the processor 137 is further configured
to execute the scheduler 105 to control the bank of elevators 109 according to
the schedule 107.
Sensors |
[0060] | |
The sensors 117 may be installed in areas of the set of floors 1295, 1290,

129c¢, 129d, 129e¢, and129f from where the future passengers arrive. In some
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- example embodiments, the sensors 117 may be motion detectors such as
cameras (e.g. surveillance cameras that are commonly located iﬁ corridors and
hall on the various floors 129a to 129f in the building) or proximity sensors
(such as radio antennas) that detect human motion or presence.

[0061]

In one or more example embodiments, radio antennas as the sensors 117 are
located every feW' meters in the set of floors 129a to 129f of the building.
Accordingly, a “location N” or “tessellation element N” indicates that the
passenger is detected by an antenna number N. If multiple antennas detect the
passenger, the exact number of the primary sensing antenna can be
determined by a fixed tie-breaking order of the antennas.

[0062]

'Further, the sensors 117 may be configured to detecf the one or more persons
at multiple locations in the building, and not necessarily only at elevator doors
or corridors leading to the bank of elevators 109. In such a case,.when a
person is detected at a location / (e.g., in a hallway fifty meter away from the
elevator landing), the probability p; that the person will request elevator
service may be determined by correlating sensed data with actual service

-requests. Further, the control system 101 utilizes the correlation to determine
the schedule 107 in an accurate manner.

[0063] |

Further, some embodiments are based on the realization that trajectories (e.g.
the partial trajectories 113) of the passengers on the set of floors 129a to 129f
can be represented in a manner such that the control system 101 analyses the
trajectories in order to determine the schedule 107. Such trajectories may be

obtained from the sensors 117. The partial trajectories 113 comprise.
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.trajectories data containing only positional informati»on. In some
implementations, each trajectory is represented by a sequence of tessellation
| indices, where the tessellation indices are obtained by discretizing a range of
positional coordinates. Further, the range of positional coordinates represents
longitudes and latitudes associated with the tessellation elements.

[0064] |

The control system 101 may store these trajectories, of the one or more
passengers roaming on each floor of the building, in a database. In some
cases, recordings of the trajectories obtained from the sensors 117 for both
positions and time stamps are continuous variables. Therefore, directly using
the continuous variables may be infeasible for a sequence-to-sequence |
predictor. Thus, the positional data and timing data‘ may be preprocessed by
discretizing them into tessellation indices.

[0065]

In an example embodiment, given a set of positional coordinates

| (O il =12,.., 1},

where x’s and y’s denote longitudes and latitudes respectively. Let x;, =
Mingeqy 2,..,03%1> Xmax = MaXye(1,2,...L}%1> Ymin = minle{i,z,...,LjYIa Ymax =
maxXe(y,2,...1}Y1- Then the tessellation index p; of any given tuple of

coordinates (x;,y;) in an Ny X Ny rectangle can be determined as p; =

Ny + % + 1, where ¥ = l J and § = ly l y"““J where quantization

Xmax—X

interval Ax = —X““—'l and quantization interval 4y = X"EXI—V:M The positive
Y ) .

integers Ny and Ny may be taken reasonably large, as long as the

computational resources permit. Further, Ny and Ny may be determined by

use of cross-validation, given a set of trajectories data. This embodiment uses
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these data in the neural network 103 of control system 101 to generate the
multinomial 111 for controlling the bank of elevators 109. |

[0066]

As used herein, tessellation is an arrangement of shapes closely fitted together
in a pattern without gaps or overlapping. Examples of the shapes include
squires, rectangles, polygons, and the like. When the tessellation uses the
squared shapes, such a tessellation can also be referred as a regular grid or
just as a grid. When the tessellation uses rectangular shapes of different
dimensions, such a tessellation can also be referred as an irregular grid. In
different embodiments, the tessellation elements can have the same or
different shapes to better fit in the layout of the area serviced by an elevator
System.

[0067]

FIG. 1C illustrates quantization of a floor in regular tessellation elements 143
of the regular grid for multinomial distribution, according to an éxample
erhbodiment of the present disclosure.

[0068]

Some embodiments are based on the realization that regular tessellation :
elements 143 facilitate easier computation of trajectories of the one or more
passengers on a floor. To that end, each floor of the set of floors 129a to 129f
is quantized based on a constant value such that areas of each floor are
equally divided. Based on such quantization, the partial trajectories 113
corresponding to each tessellation element of the quantized floor may be
analyzed by the control system 101 to produce the multinomial 111. Based on
the multinomial 111, the schedule 107 is determihed for controlling the bank

of elevators 109. One or multiple tessellation elements 145¢ of the regular
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tessellation elements 143 corresponds to a service area associated with a
request for a service by the bank of elevators. Examples of the service area
include area of elevator landing and/or area where the first interface 131 is
arranged. |
[0069]
FIG. 1D illustrates quantization of the floor in tessellation elements 145 of ah
irregular grid for the multinomial distribution, according to an example
“embodiment of the present disclosure. One or multiple tessellation elements
145d of the irregular tessellation elements 145 corresponds to a service area
associated with a request for a service by the bank of elevators.
[0070]
Some embodiments are based on the realization that the irregular tessellation
elements 145 may accurately cover entire area of a floor and facilitate
accurate calculations of the trajectories of the one or more passengers on the
floor. However, the computation may be very complicated. In an
embodiment, the set of floors 129a to 129f is quantized with irreguiar
tessellation elements 145 for determination of the trajectories of the one or
more passengers on each floor of the set of floors 129a to 129f.
[0071]
In sorne'embodiments, information in the multinomial 111 associated with |
only a number of tessellation elements (e.g. regular tessellation elements 143
or irregular tessellation elements 145) of the quantized floor corresponding to
an area serviced by the bank of elevators 109 may be utilized to determine the
schedule 107 for controlling the bank of elevators 109. In such cases, a
number of tessellation elements of the quantized floor which are not

associatéd with the area serviced by the bank of elevators 109 may be
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discarded while determining the schedule 107 to control the bank of elevators
109.
[0072]
In some other embodiments, information a‘ssociated with all the tessellation
elements (e.g. regular tessellation elements 143 or irregular tessellation _
elements 145) of the’quantized floor may be utilized to determine the
schedule 107 for controlling the bank of elevators 109. |
[0073] | |
FIG. 1E illustrates a graph of quantization of elapsed time of a trajectory for
the destination prediction, according to an embodiment of the present
disclosﬁre.
[0074]
An exemplary trajectory illustrated in the FIG. 1E has a starting time t, 147.

| The current time stamp is t 149, the quantization interval is At, and the
prediction duraﬁon is T 151. The resulting tessellation indices of the elapsed
time of the trajectory are indicated by 153. Let t,,, denote a tessellation index.
In an example embodiment, for a given upper bound Q of elapsed times, the
control system 101 may determine the tessellation index t,,, of the elapsed
time for the cur;ent time stamp t 149 of a given tuple.of positional

coordinates in a given trajectory. Further, for the tessellation index t,,, a

t—to

J + 1, where
At

starting time stamp may be recorded as t, 147, by t,,, = l

quantization interval At = I—VQ—, where Ny is an integer denoting the maximum
. T .

tessellation index of the elapsed times. The N7 could be taken reasonably
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large, as long as the computational resources permit. Further, Ny could be
 determined by use of cross-validation, given a set of trajectories data.

[0075] |

Some embodiments take both positional information and timing information

into account, to denote a trajectory as expressed in equation (1)

S = ((pl' ti)' (Pz' tZ)' e (pn' tn)) ' . (1)
where n is the length of the trajectory, and the last tuple (py, t,;) might

correspond to the destination, provided that the trajectory is complete. The
processor 137 would only keep the tessellation indices themselves (without
parentheses and ’.commas) from the representation of the trajectory S in the
equation (1). : | |
[0076]

In some embodiments, the tessellation indices may be represented using
longitudes and latitudes. For example, for the tuple of coordinates(x;, y;), the
tessellation index pi1 (resp., p;z) may be used for the longitude (resp.,

latitude), where the tessellation index p;; is determined as p;; = ¥ + 1 (resp.,
Pz = +1).

[0077]

Therefore, the same trajectory S may be represented as expressed by equation
(2) |

S=((P11»p12't1);(P21:P22:t2)'---:(Pmrpnz»tn)) )
[0078]

The processor 137 may only keep the tessellation indices themselves (without

parentheses and commas) from the above trajectory representation of equation

Q).
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[0079]
In some embodiments, the tuples of the tessellation indices composing a
trajectory are mapped to new single symbols. Therefore, each trajectory of the
partial trajectories 113 may be represented by a sequence of symbols, where
each symbol is mapped from a tuple of the tessellation indices that indicates
the positional information and the timing information. For example, the above
trajectory S is represerited as § = q1q; ... gn- Since this representation
shortened the original trajectory (hence, losing information when having the
same number of trajectories), to achieve comparablé generalization
performance, a larger set of trajectories data may be required to train a
predictive model comprised by the destination predictor 141.
Continuation Sets
[0080] |
In various embodiments, the scheduler 105 is configured to optimize a
schedule of the bank of elevators to serve the current requests from
passengers and future requests of the person for elevator service at the time
intervals provided in the multinomial with probabilities of corresponding
values in the multinomial determined for the tessellation element associated
with the service areé. In such a manner, the scheduler 105 is probabilistic
scheduler fhat considers probabilities of future passenger’s requests. Different
- embodiments use different implementations of probabilistic scheduler.
However, considering future requests in probabilisticj manner is challenging.
To that end, some embodiments generate samples from the multinomial 111
to represent probabilities of future passenger’s requests in deterministic
manner simplifying the computation.

[0081]
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For example, one embodiment considers probabilities of future requests
generated by the destination predictor 141 by generating continuation sets (or
continuations 170) of current arrival stream, where the current arrival stream
corresponds to the current passenger requests 119. In this embodiment, the
scheduler 105 determines the schedule 107 based on the multinomial 111 that
includes time information and destination information each assdciated_with
requests from one or more passengers. To that end, the scheduler 105
executes simulations (e.g. Monte Carlo simulation) and forms continuation
sets that include current requests and the future requests each associated with
service of the elevators.

[0082]

In some embodiments, the continuation sets are formed through filtering
values of multinomial 111 associated with the destinations by considering |
only areas of the floors 129a to 129f serviced by thé bank of elevators 109.
For instance, a dest2 out of déstinations destl, dest2, and dest3 in the
multinomial 111 is an area which is only serviced by the bank of elevators
109.:In such a case, the multinomial 111 is filtered such that information
regarding only the dest2 in the multinomial 111 is considered to form the
continuation sets and information regarding other destinations (i.e. the destl
and dest3) which are not related to the area serviced by the bank of elevators
109 is discarded.

[0083]

For instance, let H(t) be a set of passengers who have arrived by time t, but
have not been served yet and are still waiting, W (H(t)) the cumulative
waiting time of the passengers in H(t), W.(: | ) a fuhction that expresses the

waiting time of the one or more passengers given that another set of zero or



WO 2022/014722 PCT/JP2021/027438

35

more passengers are also assigned to the same car c. Further, let H.(t) be the
set of passengers who are already assigned to car ¢ by time t, but have not
been served yet and are still waiting. Furthermore, a marginal increase in the

waiting time for passenger h when assigned to car c is given by equation (3)

AW, (h) = W,(H,(£) U hIH.(6) U h) = W(H.DIH®).  (3)

[0084] | |

The equation (3) may be further expanded as expressed in equation (4)
AW,(h) = W, (RIH()) + Zgen.co) [We(gIH(®) U B) = We(gIHo(D))] (@)
where, the'ﬁrststerm is the time needed to serve passenger h with car ¢, and
the remaining terms in the sum account for the increase in waiting time
passenger h éauses to the passengers already in the set H.(t), when also
assigned to c. |

[0085]

A continuation set may be defined mathematically as represented in equation

)

~

Flj(t) = {hl, hz, ver ) hi"i/lj,i+1’ hj,i+2' . E]‘m]} ' (5)

[0086]

In some embodiments, M continuation sets E(t), j=12,..,M may be
generated, which might not necessarily have the same length, using the output
of the destination predictor 141.

[0087]

For each éontinuation set Hj (£), an optimal Cumulative Waiting Time (CWT)

is represented by equation (6) | .
W(H;(®) = Eé=a We (Hic@®)1Hje (1)) = Téer Thejoy We (RIHie (D)), (6)
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where_ Hj'c ® denotes the subset of continuation set H ;(t) (of passengers)
assigned to car c. The Average Waiting Time (AWT) for that assignment can
be determined as

ZM w(H,Ft)) | - -(7)4

mj
[0088]

In somé embodiments, the duration of the n continuation sets can be adjusted
according to the available cornputatio‘nal resources. In all n continuation sets,
the passengers #; with arrival times ¢; < t are assigned to the same elevator
car in every continuation set. Outside of this consideration, any practical
method for mihimizing the AWT, e.g., an empty-thé—system method,
Immediate assignment and reassignment modes can be used.

Immediate assignment

[0089]

In this mode, the current passenger # is tentatively assigned 250 to car ¢ with

a marginal waiting time (MWT) 251

AW() = W Ho@)+ Lgerr ol e(8| Ho&)Oh)~Wo(g| Ho(0)): (4)

where g ranges over all passengers tentatively assigned to car c.
[0090]
Note that future passengers are ignored in the first term. However, this

assignment has an effect on the waiting time of future passengers h it

when their marginal waiting times are determined as
AWe(hjivk) =We(hj ik | H je(ti45-1))
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+ zgeﬁjc ik )[Wc(g | Hjc (tirg-1)\ hj,i+k)

W (g ﬁjc (tirk-1))]
where H je(tiyx—1) denotes the set of future passengers that have arrived
before time #;,; , and have already been assigned to car c.
[0091]

Then, the current passenger 4 is tentatively assigned to one of the

continuation sets H je (t;+%-1), and one can account for the mutual effects
between known passenger 4 and the unknown future passenger # ik
[0092]

The immediate assignment mode has a relatively low complexity, compared
to exhaustive searches, is linear in the number of future future arrivals, but
does not necessarily determine the most optimal assignment for all passengers
in the continuation set, because this mode only considers passengers that have
arrived at times ¢, ; before assigning passenger h itk

Immediate Assignment of the Current Passenger with Reassignment for
Future Passengers. |

[0093] |

The immediate assignment mode requires that the assignment for the current
passengef is made immediately and never reconsidered. Howevef, there is no
such restriction of assignments for the future passengers. This makes it
possible, at least in principle, to reconsider the assignment. However, this can
lead to a significant increase in computation, and also might not correspond to
fﬁe way scheduling is performed. |

[0094]
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For instance, one of the # continuation sets actually occurs in the future, even
though this is not very probable, but not impossible. In that case, the
assignments for requests are performed in the immediate mode, and
reassignment is not allowed. So, if a good partitioning has been determined in
the reassignment mode, then it can be missed in the immediate assignment
mode, and that is why reassignment should probably not be used when
écheduling future passengers.

Reassignment Mode

[0095] |

When a computationally efficient procedure is available to determine the
optimal assignment of an entire continuation set of passengers, it can also be

effectively used for Monte Carlo evaluation on the expanded continuation sets

H j(#) with an associated increase in the computational time.

[0096]

Regardless of which mode is used, the Mbnte Carlo scheduling method
operates in a rolling horizon manner. After passenger /4 has been assignéd
(temporarily or permanently) at time t;, using the n sets H (), when the
next passenger /| arrives at time ¢;,;, new continuation sets A j(tiy1) are
generated from an information vector 7(¢;,;). |

[0097]

A number of options are possible for the format of the information vector
I(t) depending on the type of sensing information. A generai format that can
be used for generation of the Monte Carlo continuation sets is independent of
the se'nsorrs 117. This format is a matrix of stochastic processes, specifying an
arrival process for each pair of origin and destination floors. |

[0098)
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Monte Carlo simulations are used to model the probability of different
outcomes in a process that dannot easily be predicted due to the intervention
of random variables. It is a technique used to understand the impact of risk
and uncertaiﬁty in prediction and forecasting models. Some embodiments use
the Monte Carlo simulations to represent probabilistic nature of future service
request in a deterministic manner using the continuations set, in which each
continuation set is deterministic, but collectively represent the probabilities of
future requests at different time instances.
[0099] -
The Monte Carlo simulation may be a broad class of computational
algorithms that rely on repeated random sampling to obtain numerical results.
The underlying concept is to use randomness to solve problems that might be
deterministic in principle. The Monte Carlo simulation‘may be used for
generating draws from a probability distribution. The Monte Carlo simulation
- furnishes the decision maker with a range of possible outcomes and the
probabilities that they may occur for any choice of action. The Monte Carlo
simulation may show the extreme possibilities—the outcomes of going for
brbke'and for the most conservative decision———along with all possible
consequences for middle-of-the-road decisions. Further, the Monte Carlo
simulation may perform risk analysis by bﬁilding models of possible results
by substituting a range of values—the probability distribution%for any factor
that may have inherent uncertainty. The Monte Carlo simulation then
calculates results over and over, each time using a different set of random
values from the probability functions. Depending uponvthé number of
uncertainties and the ranges specified for them, thé Monte Carlo simulation

may involve thousands or tens of thousands of recalculations before it is
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complete. Accordingly, the Monte Carlo simulation may produce distributions
of possible outcome values. |
[0100] .
In some embodiments, the control system 101 may performs the Monte Carlo
simulation of the values of the multinomial 111 determined for the
tessellation element associated with the area serviced by the bank of elevators
109 to produce multiple combinations of times of request. A frequency of
occurrence of a specific time instance in the multiple combinations of times of
request is a probability of future request for the elevator service at the specific
time instance having a value in the multinomial 111 at an intersection of the
specific time instance and the tessellation element associated with the area
serviced by the bank of elevators 109. Further, the control system 101 may
combine each of the multiple combinations of times of request with the
current request to produce multiple continuation sets. Furthermore, the control
system 101 may determine the schedule 107 of the bank of elevators 109 to
optimize a metric of performance for at least some passengers in combination
of all of the continuation sets. In an example embodiment, the control system
101 may use the Monte Carlo simulation to realize the continuation sets.
[0101] |
FIG. 1F demonstrates a schematic of a method for generating continuations
based on multinomial 111 of passengers by using Monte Carlo simulation
according to some embodiments. Consider two possible future passengers,
each having a different multinomial (note that they could be on the same or
different floors at the current time). Five samples are drawn from the
multinomial for each possible future passenger, and that passenger is included

in the future arrival list 160 for the respective continuation, if he/she is going
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to the elevator in the current sample. Note that, to reduce space (memory)
expense, the drawn samples are filtered out 194 to keep only the samples
where a passenger is going to the elevator, and all other samples are
discarded. The sample 2 of passenger 1 corresponds to the circled value 190
in thevmultinOmial of passenger 1, and the sample 2 of pa‘ssenger 2
corresponds to the circled value 192 in the multinomial of passenger 2. Since
both samples 191 and 193 have elevator as the destination, they are included
in the future arrival list 160 for continuation set 2. This future arrival list 160
will be combined with the current arrival stream to produce a full set of
vcontinuations 170, as shown in Fig. 1G.
[0102] |
For ekample, the entry “(t2, p1)” in the continuation set c2 indicates that
passenger 1 would arrive at the elevator at time t2 and make an elevator
servicing request. If this happens to be a down-peak period, then “p1” could
be further spelled out as the arrival floor being the floor where passenger 1 is
currently on and the destination floor being 1 (i.e., the lobby). A further
“detailed example of forming the continuation sets is given below. In more
general case, “pl” should be interpreted as the arrival floor and deStination
floor for passenger 1 accordingly, where the arrival ﬂoof is the floor
passenger 1 is current on, and the destination floor could be determined by
time periods, etc. The most general method for setting the destination floor
would be randomly drawing it from a uniform distribution over the candidate
destination floors; when using this method, additional continuation sets
should be formed, to deal with the randomness. In another emquiment, if the
identity of the passenger is known, and historical data about the floors this

passenger has travelled to in the past is available, a probability distribution for
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the target floor can be learned frorﬁ that data, and samples drawn from it
when creaﬁng continuations.

[0103]

FIG. 1G illustrates exemplary representation of continuations sets 170 based
on the destination prediction, according to an example embodiment of the
present disclosure. |

[0104]

In FIG. 1G, there are 25 continuations sets generated based on Monte Carlo
simulation in accordance with the multinomial 111. Each continuation set 170
comprises combination of current requests 150 and future requests 160 .
(generated as,sh‘own in Fig. 1F) of the one or more passengers for service of
the elevators in the bank of elevators 109. The current requests also include
the current passenger request 119, along with all those passenger requests that
have been registered by the GES, but have not been serviced yet. Note that for
all 25 continuations, the current arrival stream 150 isA exacﬂy the same,
whereas the future arrivals 160 differ for different continuations, in
accordance with what kind of sarhples were drawn from the multinomial
distributions of future passengers.

[0105]

Each of the current requests 150 is associated with the current passenger
request 119 and each of the future requests is associated with each time
instance and destinations indicated by the multinomial 111, where the
destination corresponds to each area of the set of floors 129a to 129f which is
serviced by the bank of elevators 109. The areas of the set of floors 129a to
1291 which are not serviced by the bank of elevators 109 is discarded from the

consideration. Accordingly, more precise continuation sets having high
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probability of future requests are obtained. The continuation seté are
exhaustive and comprises all possible outcomes of future requests. Such
exhaustive continuation sets enables effective optimization of the AWT of all
the passengers. Each continuation set of the continuation sets includes time
information associated with current request as well as future request. |

[0106]

‘For instance, consider there is an eight-floor building and each floor
(indicated by 1 through 8) has one elevator bank. The starting time is ¢y =
5:00:00 pm. The existing arrival stream is
{(5:00:00 pm, 8,1), (5:00:02 pm, 7,1)}.

[0107] | |

With a quantization interval At = 0.01 s for elapséd time and a prediction
duration T = 15 s, the future arrival information, extracted from the
destination predictor 141, may indicate that on floor 7, passenger 1 will arrive
at the elevator in 9 s (the tessellation index for elapsed time is 900) with
proBability 80%, énd in 9.5 s (the tessellation index for elapsed time is 950)
with probability 20%; on ﬂQor 8, passenger 2 will arrive at the elevator in 10 -
S (thevtessellation index for elapsed time is 1000) with probability 20%, in
10.2 s (the tessellation index for elapsed time is 1020) with probability 60%,
and in 10.6 s (the tessellation index for elapsed time is 1060) with probability
20%.

[0108]

Further, each continuation set is deterministic in nature as the continuation
sets represent the probabilities of future requests at different time instances.

Accordingly, the control system 101 determines the schedule 107 via the
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scheduler 105 to control the bank of elevators 109 considering both the
current and rfuft:ure service requests using the continuation sets.
Scheduling
[0109]
FIG. 1H illustrates a schematic of scheduling cars of the bank of elevators 109
based on the continuation sets, according to an example embodiment of the
p'r.esent disclosure. |
[0110] |
vIn somé embodiments, the destination predictor 141 may work with complete
trajectories outside the bank of elevators 109. In other words, the destination
predictor 141 is used for predicting arrival times at destinations with the
elevator cars being of particular interest. In the most general case, once a
passenger gets into an elevator car (the car 125 or the car 127), his/her
destination floor may be any of the remaining floors (among the set of floors
129a to 129f) in the requested direction (e.g. UP or DOWN). Further, the
expectation of the waiting time may be taken with respect to the uncertainty
in the destination floors of passengers who are yet to be picked up by the
elevator car. In some cases, during the up-peak or down-peak periods, the
destination floors (from the set of floors 129a to 129f) of all passengers are
uniquely dés_ignated. In response to receiving the requests, the scheduler 105
assigns an elevator car to each passenger in a manner that a performance
metric is achieved, for example the average waiting time (AWT) for all
passengers is minimized.
[0111]

~ Some embodiments are based on the realization that the minimization of the .

AWT, for all the passengers that request elevator at a current time and during
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a future time vinterval, can be formulated as group elevator scheduling (GES)
problem.
[0112]
To facilitate traffic for the GES system, consider that H = {h;, hz, by}
denotes a set of passengers arriving during an interval of time, where a
passenger h; can be indicated by a tuple (t;, 0;, d;), where 7; is the arrival
time, o; is the arrival floor, and d; is the destination floor.
[0113] |
Some embodiments are based on the realization that there are exponential
(i.e., C/) possible partitions of the set H into C subsets, and a suitable
combinatorial optimization method is required to tackle the scheduling
problem. In addition, a GES system has only limited access to arrival
infbrmation, at a current time instance t satisfying 7; <-t < 7;, the GES
system only has information regarding all service requests that occurred up to
the current time t and the states of the C cars in the bank of elevators 109.
[0114] | |
Based on such realization, it is an objective of the GES system is to optimize
- the schedule 107 to control the bank of elevators 109 by minimizing the AWT
for all passengers that request elevator from a current time and a future time
interval. To that end, the control system 101 may utilize the information of
the continuation sets that includes an exhaustive list of the current requests
- and the future requests indicating information of each destination with a
corrresponding time instance. |
[0115]
- For a set H of passengers {M,M,...,hy} arriving during an interval of time, a -

passenger /; can be represented by a tuple (#;,0;,d;), where ¢ is the arrival
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time (i.e. the current time and the future time), o; is the arrival floor, and d; is
the destihation floor. An assignment of the N passengers to C cars in a bank
partitions the set / into C subsets H,,suchthat H=H UH,U...UHc,
and H; NH jis thenullset & when i # ;.

[0116]

A waiting time for a passenger / in a set 4 assigned to a car ¢ is W, (k| 4)
when all passengers in the- set A are assigned to the car c. Similarly, a
cumulative waiting time for all passengers in the set H is W, (H | A), when all
of those péssengers are assigned to car ¢. The sets H and A are not-
necessafily the same.

[0117]

In general, the waiting time W.(H | A) depends on a predetermined order in
which the car ¢ services the passengers in the set H U 4. Most elevator
systems use a full collective policy where a car services all requests in one
direction in sequence and then reverses and answers all calls in the opposite
direction. When the car is empty and stopped, possible UP and DOWN
directions are compared, and the one resulting in a shorter AWT is selected.
Other possible sefvice sequences that optimizé the AWT are also possible.
But regardless of the method selected, the resulting waiting time of Wc (H|A)
can be completely determined for a given combination of the sets H and 4 and
the position of car c.

[0118] N

For a given full assignment, the total waiting time W (H) for all passengers in

the set A can be expressed as
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' C C :
WH)= X W.(H |H)= 3 2 W.(h|H,),
c=1 c=1heHc

(1)

and the AWT of the passengers in the set H is W(H)/N . There are C N
possible partitions of the set H into C subsets. With unlimited computational
resources and/or a suitable combinatorial optimization method, the optimal
assignment is determined. |
[0119]
Accordingly, the control system 101 optimizes the schedule 107 of the bank
of elevators 109 to serve the current requests from the passengers and the
future requests of persons after obtaining the continuation sets, for elevator

- service at the time instances provided in the multinomial 111 associated with
the area serviced by the bank of elevators 109.
[0120] “
Based on the optimization of the schedule 107, the bank of elevators 109 is
controlled. For instance, FIG. 1H shows that an arrival time za runs down and
the time is partitioned into a time interval ¢/ for passengers whose requests
have been served, a time intefval t2 for passengers with assignments that have
not yet been served, a current time tc, and a future time interval #3. The solid
UP and DOWN symbols indiate current requests, and the dashed UP and
DOWN symbols indicate future requests. Further, the letters A and B
represent cars (carl and car2). In the time interval ¢/ the consecutive choice of
the cars is arranged as a decision tree. During the future time interval ¢3, the
requeéts are fulfilled in the immediate éésigriment mode.

~ [0121]
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The AWT over all continuation sets is computed for each tentative
assignment of the current passenger request (in this case, to either carl or
car2), and then the car choice with the shortest AWT is used to make the
assigment for the current passenger request at the current time #c. In other
words, the scheduler 105 compares how long the existing passenger and a set
of possible future passengers would wait, across all cars available at the -
current point in time. The multiple number of continuation sets ensures that
this célculatio‘ny considers not only one, but many more possible future
realizations of the passenger arrival stream. Accordingly, the cars (carl and
car2) of the bank of elevators 109 are scheduled in accordance with the
optimization of the schedule 107.
[0122]
FIG. 2A illustrates a block diagram of the ﬁeural network 103, according to

" an example embodiment of the present disclosure. The destination predictor
141 may be implemented by the neural network 103 to predict the future
requests of the one or more passengers. In some embodiments, the neural
network 103 may be implemented based on model-based methods, where the
model-based approaches encounter difficulties when dealing with long
sequences of past observed data (e.g. the partial trajectories 113), as early

‘ information tends to dissipate when a long sequence is encountered.
[0123] |
Alternatively, in some other embodiments, the neural network 103 may be
based on deep learning-based methods. Such embodiments are based on the
realization that the deep learning-based methods are able to overcome natural
language pvrobvlﬂems and also have an ability to be adapted to-non;laﬁgﬁége

applications, such as destination/trajectory prediction. Examples of deep
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learning-based neural networks include Recurrent Neural Networks (RNN),A
which work with variable length time sequence data, and the trajectories (that
corresponds to time sequence data) can be predicted via RNNs to predict the
future requests. Examples of the RNN may include, but are not limited to,
Long short-term memory (LSTM) based neural network, Bi-directional long
short-term memory (BiLSTM) based neural network, aﬁd the like.
[0124]
In FIG. 2A, the heural network 103 is an LSTM based neural network that

~includes an input gate, a forget gate, and an output gate. Each of these gates
corresponds to a "standard" neuron in a feed-forward (or multi-layer) neural
network, that is, they compute an activation (using an activation function) of a
‘weighted sum. Further, it, ot, and f# represent the activations of respectively
the input, output and forget gates, at time step ¢. The 3 exit arrows from the
memory cell ¢ to the 3 gates i, o, and frepresent peephole connections. These
peephole connections denote the contributions of the activation of the
memory cell ¢ at time step #-/, i.e. the contribution of c;.;. In. othér’ words, the
gates i, o, and f calculate their activat.ions at time step ¢ (i.e., respéctively, is,
oy, and f;) also considering the activation of the memory cell c at time step #-1,
i.e. ¢.;. The single left-to-right arrow exiting the memory cell ¢ isnota
peephole connection and denotes ¢;, and a “x” symbol represent an element- |
wise multiplication between inputs. Further, the LSTM based neural network
includes an application of a differentiable function (like the sigmoid function)
to é weighted sum. |
[0125]

" In operation, the forget gate receives the partial trajectories 113 detected by

the sensors 117. The forget gate decides what information to throw away from
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input data (the partial trajectories 113), which may also be referred to as a cell
state. For example, previous outputs and the new input may be passed through
a sigmoid hidden layer. Each neuron in the hidden layer can compute the
weighted sum of the input's entries (e.g., weighted by the relevant pafameter),
énd add a bias value to it. The resulting scalar can then pass through a specific
non-linear function named sigmoid, o. The output of such process can then be |
set to the next step by the neuron. Output of the forget gate is provided to the
input gate. | |
[0126]
Further, the input gate decides what new information to store in the cell state.
To that end, a previous output and a new input may be passed through a
sigmoid hidden layer, and separately in some embodiments, the previous
output and the new input may be passed through a hidden layer. These two

~ distinct layers may only differ from one another in terms of the type of non-
‘linear function that is applied to the output of the individual computation of
each neuron (e.g., one is a Sigmoi_d o, the other is tanh). The state of the cell
may be updated based on the output of the input gate.
[0127]
Further, the output gate decides an output of the LSTM based neural network
based on the updated cell state, the previous output, and the current input.
Both the previous output and the new input may be passed through a sigmoid
hidden layer. The results may be point-wise multiplied with the updated cell
state vector Ct and the output is the resulting vector ht that corresponds to the
multinomial 111. As the LSTM based neural network includes discarding |
information via the forget gate, the multinomial 111 may not be accurately

obtained at the output.
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[0128]

FIG. 2B illustrates a block diagram of the neural network 103, according td
another example embodiment of the present disclosure. o

[0129]

Some embodiments are based on the realization that an attention mechanism
of transformer architecture enables modeling of dependencies of elern_énts ina
sequence without consideration of their distanceé such advantages of the
transformer architecture are not limited to speech related appllcatlon and also
true for the extended destination prediction tasks.

[0130]

Accordingly, in such émbodim'ents, the destination predictor 141 may be a
solely attention-based destination predictor having an encoder-decoder
structure. The attention-based destination predictor may be implemented
using a transformer architecture based neural netWork. The destination
predictor 141 may contain a stack of N encoder 201 blocks and N décoder
203 blocks. Furthe'r, the stack of each of the N encoder 201 blocks and the N
decoder 203 blocks include stack of self-attention and fully connected feed
forward layer components in such a way that the transformer architecture uses
a positional encoding and an attention mechanism that enables parallelization.
[0131]

As shown in FIG. 2B, initially, an input trajectory 205 passes through an
embedding and positional encoding block 207 where input tokens may be
converted to d,,4.-dimensional vectors by an embedding layer, where the
tokens may be discrete elements. Further, order information about the
‘elements of the input may be obtained using the positional encoding, and is

then combined with the embedding vector to obtain a new vector via a
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summation operation. Further, the new vector may be passed into the encoder
201 through a multi-head attention block 209. Attention in the encoder 201
may be used as a means for referencing other tokens in the input trajectory
205 when attempting to encode a specific token.

[0132]

The multi-head attention block 209 may consist of an array of scaled-dot
product attention components, where an attention function may be calculated
based on a data matrix X. The data matrix may be projeéted using three |
different matrices that are learned in training, and projected matrices Q, K,
and V are obtained which represent queries, keys, and values, respectively.
[0133] |

In some embodiments, the attention may be then calculated as:

Attention(Q, K, V) = softmax(QKT /\/dy) XV - (8)
where d, is the number of columns of the K matrix. -
~ [0134]

In some embodiments, multi-head attention mechanism involveé calculating
multiple attention functions with different learned projections in order to yield
improved representation performance.

[0135] ‘

Further, an addition and normalization block 211 in the encoder 201 may
comprise residual éonnectio_n along with a Layer Normalization (RLN) which
may connect an input to the multi-head attention block 209 with an oufput of
the multi-head attention block 209, add them, and then normalize. The |
resulting elements may further pass through a feed forward sublayer 213
followéd by another addition and normalization block 215 corﬁprising RLN

connection on its way out of the encoder 201. The addition and normalization
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block 215 may connect the input to feed forward layer 213 with output of the
feed forward layer 213, add them, and then normalize.

[0136] } |

Further, a target output trajectory 217 may pass through embedding and
positional encoding blocks 219, which may be similar to embedding and
positional encoding block 207, before entering a masked multi-head attention
| block 221. The masked multi-head attention block 221 element may be
similar to the multi-head attention block 209 of the encoder 201 except that
the output trajectory 217 is masked such that the masked multi-head attentioﬁ
block 221 may only refer to preceding output trajectory positions. Further, an
addition and normalization block 223 comprising residual connection along
with a Layer Normalization (RLN) may connect the input to the masked
multi-head attention block 221 with output of the masked multi-head attention
block 221, add them, and then normalize.

[0137] |

After the addition and normalization block 223, another multi-head attention
block 225 may exist which may be similar to the multi-head attention block
209 of the encoder 201 eXcept that the multi-head attention block 225 uses
information from the encoder output as additional input in calculation of
attention.

[0138]

Further, another addition and normalization block 227 may connect the input
to the multi-head attention block 225 with output of the multi-head attention
block 225, add them, and then normalize. The resulting elements may further
pass through a feed forward sublayer 229 followed by another addition and

normalization block 231 on its way out of the decoder 203. The addition and
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normalization block 231 may connect the input to feed forward layer 229 with
output of the feed forward layer 229, add them, and then normalizg.

- [0139]
Outside of the decoder 203, a linear layer and softmax block 233 may exist
that may take the output of the decoder 203 and creaté a logic vector over all
possible output elements. Further, the linear layer and softmax block 233 may
perform a softmax operation to convert the values in the logic Ve»ctors to
output that multinomial 111 which indicates probabilities including the
predicted arrival information. From the multinomial 111, the maximum value
and its index can be extracted to locate a predicted destination, or generation
multiple realizations, such as continuations of an existing arrival stream, of
the arrival times with the elevator cars (e.g. the car 125 or the car 127) on a
specific ﬂoér or multiple floors, frbm the set of floors 129a to 129f) as one or
more destinations. In an example embodiment, when training the destination
predictor 141 as transformer based destination predictor, a KL Divergence
loss ﬁJﬁction may be minimized over multiple epochs, and a greedy decoding
scheme may be used as a method for finding the outpuf destination.
[0140] | |
Accordingly, unlike the RNNis that deal with sequences in a sequential
manner which can inhibit parailelization within training, the transformer
architecture uses positional encoding and attention modules for parallelization
and, in tum; a more efficient training procedure. Due to parallelization, the
transformer architecture based neural network is configured to process data at
high processing speed and is preferred neural network architecture.

‘Training

[0141]
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In an example embodiment, the destination predictor 141 based on
transformer architecture may include N=4 encoder/decoder blocks along with
4 level stacked Long short-term memory (LSTM)/ bidirectional Long short-
term memory (BiLSTM) models.
[0142]
For training the destination predictor 141 based on the transformer
architecture, real and/or simulated indoor movements are used by different
embodiments. For example, SimTread simulation software may be used to
generate movement trajectories in an indoor setting based on created floor
architecture. Additionally or alternatively, in one embodiment, the initially
trained neural network 103 based on simulated data is further trained online
during its operation based on actual measurements of the partial trajectory and
final destinations. When the training dataset contains a small number of
trajectories, the Leave-One-Out Cross-Validation (LOOCV) technique for
obtaining average performance may result for rested prediction models.
[0143] |
Further, for given S total samples (trajectories), S iterations may be cérried
out, where in each iteration, one of the S trajectories may be used for model
testing and the remaining S-1 trajectories for model training. Per iteration, an
array of correct destination probabilities may be obtained by increasing the |
percentage of query test trajectory. Such probability arrays Ihay be averaged
over all S iterations to obtain average destination prediction performance for a
given model. | |
[0144]
Tn some érﬁbodirﬁents; to obtain the continuation séts, the destination

predictor 141 may be trained on training trajectories. Let §&) =
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((p(f) tm) (p(f) t(f)) (p(f) t(f))) be the ¢th training trajectory, where
(p(f) t(g)) is a tuple with p(f) (resp., t,(f)) denoting the tessellation index of
the position (resp., elapsed time) for the xth recording of the trajectory S @,
and the last tuple (p(f) t(f)) denotes the tessellation indices of the posmon
and elapsed time at the destination, Vk = 1,...,ng, § = 1, ..., Nygjp. The set of
training trajectories {S©7; & = 1, ..., Nyain} may be taken from historical
recordings (i.e. historical trajectories) extracted from sensors 117. The trained
destrnation predictor 141 may use the generated continuation sets to
determine the schedule 107.

[0145] '

The control system 101 may further include a period of predictir)n or
prediction duration T that denotes the length of the time interval for potential
future arrivals for the generation of continuations. The T may be selected
either smaller or larger, depending on the availability of computational
resources. On each floor of the set of floors 129a to 129f, let the sensors 117
monitor all pedestrian movements up to the current time ¢, and let the
processor 137 identify a set of partial trajectories (e.g. the partial trajectories
113) of candidate future arrivals within time interval [t, ¢ + T].

[0146] r
Let§€) = = (FD, £y, 3, E, .. (p(o t({))) denote the {th such partial
trajectory, where (P, O, tl(-o) is a tuple with p, © (resp., tl(o) denoting the
tessellation index of the position (resp., elapsed time) for the ith recording of
the trajectory SE v =1, Nz, ¢ =1, , Niesi- Depending on the available
partlal trajectory information, the last tuple (p(o t(o) could be farther or
closer to the tuple of tessellation indices of the position and elapsed time at

the final destina_tion.
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[0147]
Further, denoting the starting time of S as f(()o and the predicted arrival
time as ), then f(go + f,(l?A_t <t <t© <t+T.Foragiven input partial
trajectory $(©), the actual output of the destination predicto.r 141 is a
probability distribution P©)(w) over the set £2 of all candidate tuples of
tessellation indices of positions and elapsed times. Let 2’ denote a subset of 2
representing tuples of tessellatioh indices of positions and candidate elapsed
times corresponding to the elevator doors on of elevator cars on a
corresponding floor. Further, a set of probabilities {P®) (w); w € 02'} for the
subset £2' may be extracted to generate the continuation sets. Based on
predictions for the trajectory $§(©), different continuations of the arrival stream
can then be formed using the probabilistic information in {P©)(w); w € 2'}
by means of Monte Carlo simulation. A complete cohtinuation set and further
multiple continuation sets are then obtained by taking predictive information
of all available partial trajectories 113 {$¢,{ = 1, ..., No&} into account.
[0148]
In some embodiments, the neural network 103 (the LSTM based neural
network, the transformer architecture based neural network, and the like) in
the control system 101 may be trained online. In some other embodiments, the
neural network 103 (the LSTM based neural network, the transformer
architecture based neural network, and the like) in the control system 101 may
be trained offline (pre-trained). In some other embodiments, the neural
“network 103 (the LSTM based neural network, the transformer architecture
based neural network, and the like) in the control system may be partially
trained offline and partially trained online. o -

[0149]
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FIG. 2C illustrates a layout of a floor in a building with multiple trajectories
of pedestrians for training and one partial trajectory of a pedestrian for testing
of the destination predictor 141, according to an embodiment of the present
disclosure.

[0150]

In some embodiments, the partial trajectories 113 may comprise trajectories
containing only positiorial information, where each trajectory may be
represented by a sequence of tessellation indices. The tessellation indices may
be obtained by discretizing a range of positional co-ordinates, where the range
of positional co-ordinates may represent longitudes and latitudes associated
with the tessellation elements corresponding to the floor. In anothef
embodiment, the partial trajectories 113 may comprise trajectories containing
both positional information and timing information. Further, each trajecfory
may be represented by a sequence of tuples of tessellation indices, where each
tuple may contain tessellation indices obtained by discretizing a range of
positional co-ordinates and a period of prediction. The period of prediction |
may be a maximum time considered by the control system 101 for the future
requests of passengers.

[0151]

As shown in the FIG. 2C, the coordinates of positions on a floor 235 are
discretized into tessellation indices 237, thus simplifying representations of
trajectories. The continuous space of the floor 235 is discrétizéd' into a 50 x50
tessellation and each trajectory is converted into a sequence of tessellation
locations that serve as input to the transformer architecture. Overall, this data
may serve‘ to mimic a single user’s movement throughout a floor during a

time period of a day where the visited destinations may represent mostly
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accessed real-life indoor destinations such as bathrooms, stairs, elevators, and
break rooms. Each training trajectory 239 (i.e. historical trajectory) may have
its own starting point 241 and finalized destination 243, and each testing |
trajectory 245 (i.e. new trajectory) may havé' its own starting point 247, but'
the testing trajectory 245 does not have a finalized destination 249 yet, which
is to be predicted by the destination predictor 141 of the control system 101.
The destination predictor 141 trained with the training traj ectorieé 239 may
accurately predict possible destinations of the person and time of arrivals.of
the person at the corresponding destinations based on the partial trajectory of
the person. | |
[0152]
In an example embodiment, in a multiple-floor building, each floor may have
its own layout and destination predictor 141. In another embodiment,‘the

. destination predictor 141 may also be built across multiple floors, as long as
the partial trajectories 113 are outside the elevator cars (e.g., the car 125 and
the car 127). In addition, when generating the continuation sets from the .
multinomial 111 that indicates predicted arrival information of potential
passengers, a parallel helper taking account of the periods of the day may be
incorporated. For example, during the down-peak period of a workday, the
destinat'ion'ﬂooAr of a typical passenger is taken as the lobby, rather than all
the remaining floors with equal probabilities.
[0153]
Further, training the destination predictor 141 to output prediction estimation
in a form of multinomial may have a number of advantages. First, the
multinomial may replace an individual prediction of a probability of arrival to

an elevator request area with a joint prediction of arrival at any destination
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where the elevator request area is one of the destinations. Hence, a probability
of arriving‘ at the elevator request area is determined with respect to other
destinations when two conditions are satisfied.
[0154] A
The two conditions may include the list of destinations peing exhaustive and

- the sum of all values in the multinomial equal to ‘1°. The first requirement is
satisfied by space quantization and the second requirement is enforced during
the training of the neural network 103 including the destination predictor 141.
In such a manner, the extended destination prediction of probability of arrival
at an elevator request area may be simplified.
[0155]
FIG. 2D illustrates a plot 251 of comparison of probability of destination
prediction determined by the transformer architecture based neural network;
Long short-term memofy'(LSTM) based neural network, and Bi-directional
long short-term memory (BiLSTM) based neural network, according to an
example embodiment of the present disclosure.
[0156]
The plot 251 comprises percentages of observed test trajectdry plotted on X
axis and probabilities of correct destination plotted on Y axis. The pldt 251
considers the median performances along with nearby quantile behaviour. The -
plot 251 shows the 40th, 50th, and 60th quantile of destination probabilities to
measure variability in test trajectory complexity. When carrying out the Leave
One Out Cross Validation (LOOCYV) approach, test trajectories of varying
lengths and similarities to the training trajectories may be encountered.
Further, the destination probabilities that are obtained over some splits may '

differ and a robust destination prediction model should be able to recognize
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~ be seén with a larger spread in prediction probabilities.
[0157] .
Further, the plot 251 shows that the transformer architecture based neural.
network can yield an improved destination prediction early in the
development of a trajectory, unlike the LSTM based neural network and
BiLSTM based neural network that require more observation to rhake
acctlrate predictions. In addition, the variations in correct class probabilities
for the transformer architecture neural network show improved accuracies
over the baseline methods.
[0158]
FIG. 2E illustrates a plot 253 of comparison of probability of destination
prediotion determi'ned by the transformer architectute based neural netwotk,
LST™M based neural network, and BiLSTM based neural network, according
to an _exarriple embodiment of the present disclosure.
[0159]
The plot 253 corresponds to the probébility of the destination prediction when
a true test trajectory destination probability is a function of a percentage of
observed test trajectory. The plot 253 comprisés percentages of the observed . |
test trajectory plotted on X axis and probabilities of correct destination plotted |
- on 'Y axis. The plot 253 considers one split of the the LOOCV approach as
shown in FIG. 2E. In this case, the test trajectory begins to overlap with some
training trajectories early in its development. This overlap provides helpful
information regarding a destination and may be recognized and exploited by a

prediction model. An ideal model would detect the early overlap and would
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~ account for this by increasing the true destination probability at around the
'20% mark of the test trajectory.
[0160] |
Thus, these results show that the transformer architecture based neural
network is able to learn patterns in this simplistic, low-data setting as |
evidenced by its increasing destination probabilities, unlike the LSTM based
neural network and BiLSTM based neural network that are unable to detect
destinations correctly early in the development of a movement trajectory.
[0161] |
FIG. 3 illustrates steps of a method implemented for controlling motion of the
bank of elevators 109, according to some embodiments of the present
disclosure. The method may be executed by components of the control system
- 101.

‘[0162] |

The method starts at step 301. At step 303, a current request from a person for
service vby the bank of elevators 109 may be obtained. The current request
may be obtained from the person via the first input interface.

[0163]

‘At step 305, a partial trajectory of a motion of the person may be obtained.

_The partial trajectory of the person moving on a floor (fbr example, a floor
129a) that comprises an area serviced by the bank of elevators 109 may be .
obtained from a second input interface 133, where the second input interface
133 may comprisé various motion sensors. |
[0164]

At étep 307, upon receptionfc')fv"the partial trajectory of the motion of the |

person, a neural network 103 trained for an extended destination prediction of
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the person having the motion according to the partial trajéctory, may be
executed to produce a multinomial (e.g. the multinomial 111) of the extended
destination prediction for the person.

[0165]

At step 309, a schedule 107 of the bank of elevators 109, to serve the current
request from the person and future requests of the person, may be optimized.
The schedule 107 may be optimized by providing elevétor service at the time
instances provided in the multinomial with probabilities of corresponding
values in the multinomial determined for a tessellation element associated
with the area serviced by the bank of elevators 109.

[0166]

At step 311, the bank of elevators 109 may be controlled according to the
sche_dﬁle 107. The schedule 107 ensures that an average waiting time (AWT)
for all the passengers is minimized. The method ends at step 313.

[0167] |

FIG. 4 illustrates steps of a method implemented for Monte Carlo simulation
for determining a schedule for controlling motion of the bank of elevators
109, according to some embodiments of the present disclosure. The method
may be executed by the components of the control system 101.

[0168]

The method starts at step 401. At step 403, the multinofnial‘ 111 may be
obtained which is produced by the neural network 103. The multinomial 111
has at least two dimensions including a first dimension of destinations of the
person and a second dimension of time instances of the person arriving at the
destinations of the first dimension, where a floor is quantized into tessellation

elements forming the destinations of the first dimension and at least one
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tessellation element is associated with the area serviced by the bank ef
elevators 109.
[0169]
At step 405, values of the multinomial 11 may be filtered based ona
destination associated with the area service by fhe bank of elevators 109. In
such a manner, other destinations, indicated in the multinomial 111, which are
not related to the area serviced by the bank of elevators 109 may be discarded
to provide accurate destination prediction. |
[0170]
At step 407, a Monte Carlo simulation of the filtered values of the
multinomial 111 may be performed for producing rriultiple combinations of
times of request. A frequency of occurrence of a specific time instance in the
multiple combinations of times of request is a probability of future request for |
the elevator service at the specific time instance having a value in the
multinomial at an intersection of the specific time instance and the tessellation
element associated with the area serviced by the bank of elevators 109.
[0171]
In an alterna’_tive embodiment, this step is omitted, because the samples in the
previous step already include the time of arrivals. Some other embodiments,
select this step in dependence on how the sampling is done. One approach
picks a cell of the multinomial according to a probability equal to the value in
the cell. Because each cell corresponds to a combination of a destination and
time, the time component will alreadyv be present in the sample.
[0172] |

At step 409, each of the multiple combinations of times of request with the

current request may be combined to produce multiple continuation sets. In
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some embodiments, the continuation sets are formed through filtering
destinations by considering only the area serviced by the bank of elevators
109.

[0173]

At step 411, a schedule (e.g. the schedule 107) of the bank of elevators 109
may be determined, where the schedule 107 is determined to 'opfimize a |
métric of performance for at least some passengers in combination of all of
the continuation sets. o

[0174]

At step 413, the bank of elevators 109 may be controlled according to the
schedule 107. The schedule 107 ensures that an average waiting time (AWT)
for all the passengers is minimized. The method ends at step 415.

[0175]

In an example embodiment, each floor of the building is instalied with motion
sensors. For example, the motion sensors may be installed in all the cabins,
corridors, cafeterias, and the likes. The motion sensors may bé used for
quantization of each floor into tessellations or tessellation elements. Thus,
each tessellation element corresponds to a motion sensor installed at a
particular area on the floor. The tessellation elements may be regular shaped
or irregular shaped. The motion sensors may be tracking motion of the one or
more passengers all the time.

[0176]

Let the time period of interest for the prediction of future arrivals be 10
seconds. The motion sensors méy be configured such that when any of the
motion sensors determine more} than a threshold amount of passengers near an

elevator request area of the floor, the motion sensor may trigger the neural
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network 103 based destination predictof 141. The destination predictor 141
may then retrieve partial trajectories 113 of all the passengers for last 10
seconds. The partial trajectories 113 of each passenger may be determined

- separately or in combination with other passengers travelling or moving along
the same route. Based on the data retrieved, the destination predictor 141
predicts arrival information of potential future passengers in the form of the
multinomial 111. The multinomial 111 may be then used by the control
system 101 to determine continuation sets, based on which the scheduler 105
detertﬁines a schedule 107.
[0177] |
In another example embodiment, the control system 101 may be configured to
be triggered for each employee of a company arriving at an area serviced by
elevators. To that end, every employee in the building may.be provided with
an electronic identity card which can be read by motion sensors installed on
each floor to recognize identity of the corresponding employee. The
electronic identity card may be, for example but not limited to a radio
frequency identity (RFID) card/tag. The control system 101 may comprise a
database whefe identification information of all the employees may be stored.-
The information may comprise name of the employee, information about a
floor on which the employee works, historical trajectories of the employee,
work shift timing of the employee, and the likes.
[0178]
The embodiments of the present disclosure include the control system 101
that controls motion of the bank of elevators 109 based on current requests
from one or more passengers for service by the bank of elevators 109, and

partial trajectories 113 of motion of the one or more passengers moving on a
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floor that comprise one or more areas serviced by the bank of elevators 109.
In a preferred embodiment, the control system 101 comprises a transformer
architecture based neural network that is trained for extended destination
prediétion based on the partial trajectories 113. In particular, the control
system 101 executes the neural network 103 to produce a multinomial of the
extended destination prediction for the one or more passengers based on
partial trajectory of each p'assenger; The multinomial comprises possible
destinations of each passenger and possible time instances of each passenger
arriving at the déstinations. The multinomial is determined by quantizing the
floor into tessellation elements forming the possible destinations, and further
by quantizing a period of prediction into the time instances. The period of
prediction is the maximum time considered by the control system 101 for the
future requests of the one or more passengers.

[0179]

The embodiments of the present disclosure perform a Monte Carlo simulation
of the values of the multinomial determined for the tessellation element
associated with the area serviced by the bank of elevators 109 to produce
multiple combinations of times of request. A frequency of occurrence of a
specific time instance in the multiple combinations of times of request is a
probability of future request for the elevator service at the specific time
instance having a value in the multinomial at an intersection of the specific
time instance and the tessellation element associated with the area serviced by
the bank of elevators 109. The embodiments of the present disclOsﬁre
combine each of the multiple combinations of times of request With the
cuneﬁt request to broduce multiple continuation sets, and further, determine

the schedule 107 of the bank of elevators 109 to optimize a metric of
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pérformance (for example, average waiting time) for at least some passengers
in combination of all of the continuation sets. |

[0180] | |

Also, the various methods or processes outlined herein may be coded as
software that is executable on one or more processors that employ any one of
a variety of operating systems or platforms. Additionally, such software may
be written using any of a number of suitable programming languages and/or
programming or scripting tools, and also may be compiled as executable
machine language code or intermediate code that is executed on a framework
or virtual machine. Typically, the functionality of the program modules méy
be combined or distributed as desired in various embodiments.

[0181]

Also, the embodiments of the present disclosure may be embodied as a
method, of which an example has been provided. The acts performed as part
of the method rriay be ordered in any suitable way. Aécordingly,
embodiments may be constructed in which acts are performed in an order
different than illustrated, which may include performing some acts
concurrently, even though shown as sequential acts in illustrative
embodiments. Further, use of ordinal terms such as “first,” “second,” in the - |
claims to modify a claim element does not by itself connote any priority,
precedence, or order of one claim element over another or the temporal order
in which acts of a method are performed, but are used merely as labels to
distinguish one claim element having a certain name from another element
having a same name (b_ﬁt for use of the ordinal term) to distinguish the claim

elements.

[0182]
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Although the present disclosure has been described with reference to certain
preferred embodiments, it is to be understood that various other adaptations
and modifications can be made within the spirit and scope of the present
disclosure. Therefore, it is the aspect of the append claims to cover all such
variations and modifications as come within the true spirit and scope of the

present disclosure.
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[CLAIMS]
[Claim 1]

A control system for controlling motion of a bank of elevétors, the
control system comprising: |

a first input interface configured to accept current requests from
passengers for service by the bank of elevators;

a second input interface configured to receive a partial trajectory
‘of a motion of a person moving on a floor serviced by the bank of |
elevafors; and

a processor configured to:

submit the partial trajectory to a neural network trained for an
extended destination prediction to produce a multinomial having at
least two dimensions including a first dimension of destinations of the
person and a second dimension of time intervals of the person arriving
at the destinations of the first dimension, wherein the floor is quantized
into tessellation elements forming the destinations of the first
dimension, and wherein at least one tessellation element corresponds to
a service area associated with a request for a service by the bank of
elevators;

optimize a schedule of the bank of elevators to serve the
current requests from passengers and future requests of the
person for elevator service at the time intervals provided in the
multinomial with probabilities of corrésponding values in the

| multinomial determined for the tessellation element associated

with the service area; and |

control the bank of elevators according to the schedule.
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[Claim 2]

‘The control system of claim 1, wherein the time intervals of the second
dimension quantize a period of prediction, and wherein the period of |
prediction is the maximum time considered by the control system for the
future reQuésts of the persons. |

[Claim 3]
| The control system of claim 1, wherein a sum of values of the
multinomial is normalized to one.
[Claim 4]
- The control system of claim 1, wherein the processor is further
configured to:

perform a Monte Carlo simulation of the values of the multinomial
determined for the tessellation element associated with the area serviced by
the bank of elevators to produce multiple combinations of times of request, |
wherein a frequency of occurrence of a specific time instance in the multiple
combi'nations.of times of request is a probability of future request for the
elevator service at the specific time instance having a value in the multinomial
at an intersection of the specific time instance and the tessellation element
associated with the area serviced by the bank of elevators;

combine each of the multiple combinations of times of request with the
current request to produce multiple continuation sets; and

determine the schedule of the bank of elevators to optimize a metric vof
performance for at least some passengers in combination of all of fhe
continuation sets.

[Claim 5]
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“The control system of claim 1, wherein the partial trajectories comprise
trajectories data containing only positional information, wherein each
trajectory is representéd by a sequence of tessellation indices, wherein the |
tessellation indices are obtained by discrétizing a range of positional
coordinates, and wherein the range of positional coordinates represent
longitudes and latitudes associated with the tessellation elements.

[Claim 6] |

The control system of claim 2, wherein the partial trajectories comprise
trajectories data containing both positional information and timing
information, wherein each trajectory is represented by a sequence of tuples of
tessellation indices, and wherein each tuple contains tes_séllation indices
obtained by discretizing a range of positional coordinates and the period of
prediction. |
[Claim 7]

The control system of claim 6, where the timing information of
trajectories is extracted by considering relative times in terms of elapsed times
with respect to their starting time stamps.

[Claim 8]
The control system of claim 7, wherein each trajectory is represented
~ by a sequence of symbols, and wherein each symbol is mapped from a tuple
of tessellation indices that indicates the positional information and the timing
information. |
[Claim 9]

The control system of claim 4,wherein the continuatioh sets are formed

through filtering the destinations by considering only the area serviced by the

bank of elevators.
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[Claim 10] |

The control systeni of claim 1, wherein the neural network has a
transformer architecture.
[Claim 11]

The control system of claim 10, wherein the transformer architecture
uses a positional encoding and an attention mechanism, that enables
parallelization.

[Claim 12]

A method for controlling motion of elevators of a bank of elevators, the

method comprising:

obtaining current requests from passengers for service by the bank of
elevators;

obtaining a partial trajectory of a motion of a person moving on a
floor that comprises an area serviced by the bahk of elevators;

executing, upon receiving the partial trajectory of the motion of the
person, a neural network trained for an extended destination prediction of the -
person having the motion according to the partial trajectory to produce a
multinomial of the extended destination prediction for the person, wherein the
multinomial has at least two dimensions including a first dimension of
destinations of fhe person and a second dimension of time intervals of the

“person arriving at the destinations of the first dimension, wherein the floor is

quantized into tessellation elements forming the destinations of the first
dimension, and wherein at least one tessellation element is associated with the
area serviced by the bank of elevators; |

optimizing a schedule of the bank of elevators to serve the current

requests from passengers and future requests of persons, for elevator service

S
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at the time intervals provided in the multinomial with probabilities of -
corresponding values in the muiltinomial determined for the tessellation
element associated with the area serviced by the bank of elevators; and
controlling the bank of elevators according to the schedule.

[Claim 13] | |

The method of claim 12, wherein the time intervals of the second
dimension quantize a period of prediction, and wherein the period of
prediction is the maximum time considered by the control system for the
future requests of the persons.
[Claim 14]

| The rhethod of claim 12, wherein a sum of values of the multinomial is
normalized to one.
[Claim 15]
" The method of claim 12, wherein the method further comprises:

performing a Monte Carlo simulation of the Valueé of the
multinomial determined for the tessellation element associated with the
area serviced by the bank of elevators to produce mﬁltiple
combinations of times of request, wherein a frequency of occurrence of
a specific time instance in the multiple combinations of times of request
is a probability of future request for the elevator service at the specific
time instance having a value in the multinomial at an intersection of the
specific time instance and the tessellation element associated with the
area serviced by the bank of elevators;

combining each of the multiple combinations of times of request

with the current request to produce multiple continuation sets; and
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determining the schedule of the bank of elevators to optimize a metric
of performance for at least some passengers in combination of all of the

continuation sets.
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