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Abstract. Reducing congestion is one of the most important issues in
theme park management. Optimization algorithms for reducing conges-
tion in theme parks using simulation optimization methods have been
proposed. In many existing methods, theme park managers directly regu-
late the movement of visitors. However, restricting the freedom to wander
considerably reduces the visitor satisfaction. Thus, when controlling con-
gestion in theme parks, we must consider the trade-off between reducing
congestion and restricting freedom. In this paper, we propose an indirect
control method for pedestrian flows using congestion forecasts and infor-
mation distribution. Specifically, we propose a simulation-based heuristic
algorithm for the problem of finding an optimal information distribution
policy for congestion forecasts satisfying user equilibrium conditions.

1 Introduction

Congestion is ubiquitous in theme parks, and is chiefly caused by popular rides
and attractions. Reducing congestion can reduce the waiting time of visitors,
thus improving visitor satisfaction. Furthermore, because congestion can cause
accidents, it is one of the most important issues in theme park management.
Of course, it is not difficult to observe that we can easily reduce congestion by
regulating the movement of visitors. However, restricting the freedom to wander
considerably reduces visitor satisfaction. Thus, when controlling congestion in
theme parks, we must consider the trade-off between reducing congestion and
restricting freedom. This is one of the characteristic problems in the optimal
control of pedestrian flows.

Recently, some theme parks have introduced information distribution sys-
tems to reduce congestion without restricting the freedom to wander and reduc-
ing visitor satisfaction. For example, some theme parks disseminate the current
waiting times of attractions through smartphone apps to reduce huge congestion
at popular attractions. However, distributing the current congestion information
causes visitors to react to the information and avoid crowded attractions. Con-
sequently, although congestion is reduced at the places that were expected to



be crowded, new congestion occurs in the places that were not expected to be
crowded. Furthermore, such a situation may repeat during a day. This situation
is called the hunting phenomenon (see [1]). This implies that the conventional
information distribution policy may not optimize the entire system.

Yamada and Kamiyama [2] proposed a framework for an information dis-
tribution method for avoiding the hunting phenomenon. This method supplies
congestion forecasts, which satisfy user equilibrium conditions for a part of the
visitors (see Figure 1). A user equilibrium is a situation where no one can improve
her/his utility by changing only her/his decision (i.e., it is a Nash equilibrium).
In [2], a user equilibrium is specifically defined as the situation where the future
predicted by the forecast will materialize if the visitors follow the congestion
information. Because the future that the forecast predicts will materialize, the
visitors will have no regrets if they decide their actions following her/his utility
and the given information. Therefore, if we can supply a user equilibrium as the
congestion forecast, we can facilitate the materialization of the forecast. Yamada
and Kamiyama [2] call this reproducible congestion forecast a congestion forecast
satisfying the user equilibrium conditions. The algorithm proposed in [2] finds a
congestion forecast that approximately satisfies the user equilibrium conditions
by focusing on the state after people have visited a place infinitely times.
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Fig. 1. Illustration of pedestrian flow control by congestion information. We attempt
to optimize pedestrian flows by distributing congestion information to some of the
visitors. A visitor who does not have any information about the current congestion
condition selects the most preferred attraction. On the other hand, a visitor who has
information about the current congestion condition considers the congestion and selects
the second-best attraction.

The aim of this study is to formalize and evaluate the information distribu-
tion method proposed in [2] based on simulation optimization [3]. Simulation
optimization is a methodology for optimizing complex systems by mapping the
target system to a simulation and optimizing the simulation by methods such as
black-box optimization algorithms [4]. Following a review of the related work, we
explain our agent-based simulation model of a theme park and define our prob-
lem in Section 2. In Section 3, we explain our algorithm. In Section 4, we discuss



the results of the computational experiments. Finally, Section 5 concludes this
paper.

We summarize the highlights of our algorithm. First, our algorithm is in-
spired by the algorithms for computing an equilibrium traffic assignment in
road networks [5]. Second, the algorithm can solve a large-scale instance by de-
composing the original problem into sub-problems and sequentially solving the
sub-problems. Especially, we focus on the time structure of the simulation. Be-
cause the actions of agents at the later time steps do not affect their decisions
at the earlier time step, we can consider the policy from the earlier time steps
to the later time steps sequentially. We believe that our algorithm is a good
example of decomposing a large simulation optimization problem by using the
structure of the agent model.

1.1 Related Work

One of the most popular simulation optimization approaches is to enumerate
a small number of alternatives and evaluate all policies by using simulation.
Then, we select the best policy based on the results of the simulation (see [6–
8]). Because we have to select a small number of policies in advance, we cannot
analyze all possibilities with this approach. In order to deal with this issue,
black-box optimization approaches have been recently studied (see, e.g., [4]).
Black-box optimization approaches can be used without knowledge and analysis
of the simulation model. However, in agent-based simulation (ABS), because
agents react to policies and change their behavior or interact with each other,
the direct use of black-box optimization cannot provide a solution or may require
extensive calculation time to obtain a solution. Another popular approach is the
analytical approach. Masuda and Tsuji [9] studied the effect of priority tickets
(i.e., fast passes) on a congestion equilibrium. By using models based on game
theory, they obtained optimal control methods in the situation where people
behave strategically. This kind of method can treat well-formalized policies such
as priority tickets and pricing of attractions. However, this kind of approach is
not flexible because it needs strict assumptions. To the best of our knowledge,
no one has studied an algorithm for finding an optimal information distribution
policy in a pedestrian (agent) situation using an analytical approach.

In the field of simulation excluding ABS, many researchers have developed
algorithms by focusing on various properties/problems of simulations (see [10]).
However, excepting those using black box optimization directly in ABS, few
optimization algorithms are available. The main contribution of this paper is that
it develops a new optimization algorithm by focusing on the properties/problems
of ABS, especially the time structures of the agents’ decisions and the collective
property of user equilibrium.

2 Simulation Model and Problem Formulation

In this section, we first explain the simulation model and the parameters used
in this model. Then, we formulate the problem.



For each positive integer x, we define [[x]] := {1, 2, . . . , x}, i.e., [[x]] denotes
the set {1, 2, . . . , x}. We denote by [0, 1] the set of real numbers from 0 to 1.
Furthermore, we denote by N the set of positive integers.

2.1 Simulation Model

In this study, we consider the following simulation model of a theme park. Each
attraction has a capacity, which is the maximum number of visitors who can
use this attraction simultaneously. Notice that the visitors who cannot use an
attraction have to wait in line for this attraction. Furthermore, each attraction
has a fixed processing time (i.e., the time required to ride this attraction once).
In this paper, congestion is defined as queues of visitors waiting to enjoy an
attraction (e.g., rides), and reducing congestion means reducing the maximum
length of queues for an attraction. A fixed number of visitors randomly arrives at
and leaves the theme park. The arrival time and departure time of each visitor
obey a probability distribution (e.g., the normal distribution). In the theme
park, each visitor i repeats the following sequence of actions. First, the visitor i
selects an attraction a that she/he wishes to visit next. Then, the visitor i moves
to the attraction a. If no one is (or a sufficiently small number of visitors are)
waiting in the queue for the attraction a, the visitor i can immediately ride the
attraction a. Otherwise, the visitor i waits at the end of the line. After riding
the attraction a, the visitor i selects the next attraction again. This sequence of
actions is repeated until the visitor leaves the theme park.

2.2 Parameters

The parameters in the model are described as follows.

– T ∈ N, which represents the number of time slots.
– ` ∈ N, which represents the number of time steps in one time slot.
– m ∈ N, which represents the number of agents.
– A finite set A = {a1, a2, . . . , an} of n attractions.
– A finite set P of locations where the agents can exist. We assume that A ⊆ P .
– A travel cost function d : P 2 → [0, 1]. For each pair (p1, p2) ∈ P 2, d(p1, p2)

represents the travel cost between p1 and p2. Here, d(p1, p2) is a normalized
travel time.

– q ∈ {0, 0.1, . . . , 1}, which represents the proportion of visitors who receive
the congestion information.

– Q, which represents the set of visitors who receive the congestion informa-
tion. We assume that |Q| = qm and Q is chosen uniformly at random.

For example, if we consider the simulation from 8:00 a.m. to 6:00 p.m. and each
slot is one hour, then T = 10. Furthermore, if one slot is one hour and one time
step is one minute, then ` = 60. For each integer t ∈ [[T ]], we define

It := {(t− 1)`+ 1, (t− 1)`+ 2, . . . , (t− 1)`+ `}.

That is, It represents the set of time steps in the tth slot.
Furthermore, for each agent i, we are given the following parameters.



– The arrival time ati and the departure time dti of i. We assume that ati, dti ∈
[[T`]] and ati ≤ dti. We assume that the set of arrival times {ati | i ∈ A}
and the set of departure times {dti | i ∈ A} are randomly decided according
to a fixed probability distribution.

– The preference function αi : A→ [0, 1] of i. For each attraction a ∈ A, αi(a)
represents the preference of the visitor i for the attraction a.

The current status of an agent i ∈ N is described using a pair (p, ci) of the
current position p ∈ A of i and the current congestion information ci ∈ [0, 1]A

of i such that maxa∈A ci(a) = 1. For each attraction a ∈ A, ci(a) represents the
current congestion information about a that i has. If a visitor does not receive
the congestion forecast, then ci(a) is same value for every attraction a ∈ A (e.g.,
ci(a) = 1). This represents the visitor expects all of congestion levels are same
due to no information.

In theme parks, visitors select the next attraction to visit based on the dis-
tance from the current position to that attraction. Furthermore, if a visitor has
some information about congestion, then she/he selects an attraction with short
waiting time based on the information. That is, she/he tries to avoid congested
attractions. In this study, we use the agent model proposed in [6], as it can con-
sider information gathering and decision making. In [6], the multinomial logit
model is used to model people’s behavior and reproduce the congestion in theme
parks. More specifically, the utility Ui(a, p) of a visitor i at a position p for each
attraction a is defined by

Ui(a, p) := αi(a) + β1d(a, p) + β2ci(a), (1)

where β1, β2 are the parameters for balancing the travel cost and congestion cost.
In this model, once a visitor rides on an attraction, she/he will remove it from a
list her/his want to ride. Notice that the congestion cost may change when the
visitor i obtains a new congestion forecast. As mentioned above, if a visitor i does
not receive a congestion forecast, then ci(a) = 1 for every attraction a ∈ A. In
the simulation, visitors sequentially decide the attraction to visit by maximizing
their utility function (1). The visitors always decide sequentially and do not plan
route in advance.

2.3 Problem Formulation

Here, we define our problem. The simulation has two elements of randomness.
The first is the set of visitors who receive the distributed congestion information
(i.e., the set Q), and the second is the arrival time and departure time of each
visitor. We denote by ξ the realization of this randomness of the system. A
congestion forecast is a function F : [[T ]]×A→ [0, 1] such that for every integer
t ∈ [[T ]], maxa∈A F (t, a) = 1.

Assume that we are given a congestion forecast F . For each integer θ ∈ [[T`]]
and each attraction a ∈ A, we define wF (θ, a; ξ) as the length of the waiting
queue for the attraction a at the time step θ when we use F as the input of the



simulation with a realization ξ of the randomness of the system. Furthermore,
for each integer t ∈ [[T ]] and each attraction a ∈ A, we define wF (t, a; ξ) by

wF (t, a; ξ) :=
1

`

∑
θ∈It

wF (θ, a; ξ).

That is, wF (t, a; ξ) is the average length of the waiting queue for the attraction
a during the tth slot. For each integer t ∈ [[T ]], we define

mF (t; ξ) := max
a∈A

wF (t, a; ξ).

Thus, mF (t; ξ) is the maximum average length of the waiting queue among all
the attractions during the tth slot. max len(F ; ξ) is defined by

max len(F ; ξ) := max{mF (t; ξ) | t ∈ [[T ]]}.

For each pair (t, a) ∈ [[T ]]×A, we define the real number SimF (t, a; ξ) by

SimF (t, a; ξ) :=
wF (t, a; ξ)

mF (t; ξ)
.

Notice that SimF (t, a; ξ) is the normalized congestion by the simulation for the
congestion forecast F . For each integer t ∈ [[T ]], we define

Errt(F ; ξ) :=
1

n

∑
a∈A

∣∣∣SimF (t, a; ξ)− F (t, a)
∣∣∣.

In other words, Errt(F ; ξ) represents the average of the absolute errors between
the forecast and the result of the simulation at the tth slot. Lastly, we define

Err(F ; ξ) :=
∑
t∈[[T ]]

Errt(F ; ξ).

That is, Err(F ; ξ) is the sum of the absolute errors between the forecast and the
result of the simulation.

We are now ready to formulate the problem of finding a congestion forecast
F . In the problem, the congestion forecast F has to approximately satisfy user
equilibrium conditions. The problem can be formulated as follows. In (2), ε is a
small real number given in advance.

Minimize max len(F ; ξ)

subject to Err(F ; ξ) ≤ ε
F : [[T ]]×A→ [0, 1].

(2)

Notice that the constraint of the problem of (2) means that F approximately
satisfies the user equilibrium conditions.



3 Algorithm

In this section, we explain our algorithm for finding an appropriate congestion
forecast. The algorithm comprises two parts. In the first part, we try to find a
congestion forecast satisfying the user equilibrium conditions (see Algorithm 1).
In the second part, we optimize the proportion of visitors who receive the con-
gestion information.

3.1 Finding Congestion Forecast

In Algorithm 1, we are given a positive real number ε′ and a positive integer ∆,
where ε′ is the stopping accuracy of the algorithm and ∆ is the upper bound of
the number of iterations for determining the forecast of each slot. Recall that ξ
is a realization of the randomness of the system.

Algorithm 1: Algorithm for finding congestion forecast

1 Define an initial forecast F0 : [[T ]]×A→ [0, 1] by F0(t, a) := 1 for each pair
(t, a) ∈ [[T ]]×A.

2 for t = 1, 2, . . . , T do
3 Define Gt,0 := Ft−1 and γt,0 := 1. Set δ := 0.
4 while Errt(Gt,δ; ξ) > ε′, γt,δ 6= 0, and δ ≤ ∆ do
5 Define the function ht,δ : [[T ]]×A→ [0, 1] by

ht,δ(t
′, a) :=

{
SimGt,δ (t, a; ξ) if t′ = t

Gt,δ(t
′, a) if t′ 6= t.

6 For each real number x ∈ {0, 0.1, . . . , 1} and each pair
(t′, a) ∈ [[T ]]×A, we define

Hx
t,δ(t

′, a) := (1− x) ·Gt,δ(t′, a) + x · ht,δ(t′, a).

7 For each real number x ∈ {0, 0.1, . . . , 1}, we define the function
Ext,δ : [[T ]]×A→ [0, 1] by

Ext,δ(t
′, a) :=

Hx
t,δ(t

′, a)

maxa′∈AHx
t,δ(t

′, a′)
.

8 Define γi,δ+1 as a minimizer of

min
x∈{0,0.1,...,1}

Errt(E
x
t,δ; ξ).

9 Define Gt,δ+1 := E
γt,δ+1

t,δ . Set δ := δ + 1.

10 end
11 Define Ft := Gt,δ.

12 end
13 Output FT , and halt.



In Algorithm 1, we first set the initial forecast as F0. Then, we sequentially
determine the forecast of each slot from the first slot to the T th slot. In the
tth iteration of the main loop (i.e., Steps 2–12), we determine the forecast of
the tth slot. If the error of the current forecast Gt,δ is sufficiently small (i.e.,
Errt(Gt,δ; ξ) ≤ ε′), then we stop this iteration. Furthermore, if the current
forecast Gt,δ is not improved or the number of iterations for this slot is sufficient,
then we stop this iteration. Otherwise, we try to improve the current forecast
Gt,δ. First, we construct the function ht,δ from Gt,δ by replacing the forecast of
the tth slot with the result of the simulation for Gt,δ. Then, we update Gt,δ by
using ht,δ. We also optimize the degree of the update (i.e., γt,δ). We repeat this
from the first slot to the T th slot.

3.2 Optimizing the Proportion of Visitors Receiving Congestion
Information

Here, we consider the problem of optimizing the proportion of visitors who re-
ceive the congestion information. If q is fixed, then we can use Algorithm 1.
Therefore, in order to optimize the proportion of visitors who receive the conges-
tion information, we set the candidate sets of the proportion of visitors receiving
the congestion information as {0, 0.1, . . . , 1}, and evaluate each candidate. More
precisely, for each real number q ∈ {0, 0.1, . . . , 1}, we compute the output F q of
Algorithm 1 under the assumption that q is given as an input. Then, we find a
minimizer q∗ of

min
q∈{0,0.1,...,1}

max len(F q; ξ).

Finally, we output F q
∗
, and halt the processing.

4 Computational Experiments

In this section, we explain the experimental settings and compare our algorithm
with black-box optimization methods. Then, we apply our algorithm to a large-
scale instance, and analyze the scalability of our algorithm. Finally, we consider
the convergence of our algorithm.

4.1 Experimental Settings

The simulation used in the computational experiments represents a theme park,
which is modeled using a queueing network. The geography of the theme park
is represented by using a directed graph (see Figure 2). The nodes represent the
attractions, and edges represent the roads, which have travel times. An attraction
consists of one queue lane and several service units. The service units represent,
for example, rides of the roller coaster. If visitors are waiting in the queue lane
for an attraction, a new visitor lines up at the end of the line. Otherwise, the
new visitor can ride on a vacant service unit. Each unit has a capacity and time
identified as parameters.
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Fig. 2. An example of the geography of a large-scale instance. Gray nodes represent
popular attractions.

In the computational experiments, we prepare two parameter sets called the
large-scale instance and small-scale instance. First, the large-scale instance is a
real scale setting, which models a single day in the entire theme park. Second,
the small-scale instance is a downsized setting for the comparison experiments.
In both the instances, there exist a few popular attractions, and the others are
normal attractions. The goal of optimization is leveling the usage between the
popular attractions and the normal attractions.

Large-scale instance In the large-scale instance, there are 50, 000 visitors
and 10 attractions A = {a1, a2, . . . , a10}. The attractions a5, a8 are popular at-
tractions. The others a1, a2, a3, a4, a6, a7, a9, and a10 are normal attractions.
The simulation is performed from 8:00 a.m. to 6:00 p.m. (i.e., T = 10), and each
time step corresponds to a minute (i.e., ` = 60). The preferences (αi(a1), αi(a2),
. . ., αi(a10)) of the visitors can be grouped into two types based on the at-
tractions. The first type prefers the popular attractions, i.e., αi(a5) and αi(a8)
are 1. In the second type, the visitor does not prefer the popular attractions,
i.e., αi(a1), . . ., αi(a4), αi(a6), αi(a7), αi(a9), and αi(a10) are 1. Half of the
agents have the first type of preference, and the others have the second type of
preference. The arrival time of an agent is stochastic, and it obeys the normal
distribution with the expected value of 8:30 a.m. and standard deviation of 60
min. Similarly, the departure time of an agent obeys the normal distribution
with expected value of 4:30 p.m. and standard deviation of 60 min. The geog-
raphy of the theme park is described in Figure 2. There exist three zones and
each zone consists of three or four attractions. The travel time of each edge is
2.5 min, and d(a, p) is the normalized sum of the travel time of the shortest path
from the current position p to the attraction a (e.g., if a visitor i is at Entrance
and evaluates the travel cost to a5, d(a5,Entrance) is 7.5/10.0 = 0.75, where 7.5
is the sum of the travel times of the shortest path and 10.0 is the sum of the
travel times of the longest path of the network). If the visitor i does not receive
the congestion information, then ci(a) = 1 for each attraction a. If the visitor i
receives the congestion information F , then ci(a) = F (t, a) for each attraction



a at the time step in It. We define β1 := −1 and β2 := −1. Each agent deter-
ministically selects an attraction that maximizes her/his utility. Each attraction
has 100 units, the capacity of each unit is 6, and the running time is 10 min.

Small-scale instance The small-scale instance is similar to the large-scale
instance. However, the number of visitors is 500, and the number of attractions
is 3 with only 1 unit. The simulation is performed from 8:00 a.m. to 12:00
p.m. (i.e., T = 4). The geography simply comprises one zone with one popular
attraction a1 and two normal attractions a2, a3. There exist 3 × 4 parameters
for optimization. For simplicity, we assume that d(a, p) = 0 for every attraction
a and every position p.

In the following experiments, we set the parameters of Algorithm 1 by ε′ :=
0.01 and ∆ := 10.

4.2 Comparison with Black-Box Optimization Methods

In this subsection, we compare our algorithm with the Nelder–Mead method
(NM method) [11] and Bayesian optimization (BO) [12]. The NM method and
BO, which are called derivative-free optimization methods or black-box opti-
mization methods, are frequently used for simulation optimization because they
do not need derivatives of the system. The experiments were conducted for the
small-scale instance, and we attempted to find an optimal congestion forecast
for the case where q = 0.5. Because the NM method and BO cannot opti-
mize a discrete variable, we only treat continuous variables (a congestion fore-
cast). We compared the number of iterations in each case. The NM method
was implemented in Scikit-learn [13] and BO was implemented in the Bayesian
optimization module [14]. It should be remarked that both hyper-parameters
were not tuned. We compared our algorithm with the black-box optimization
method in terms of the maximum queue length max len(F ; ξ) and forecasting
error Err(F ; ξ). Because the NM method and BO can treat a single objective
function, we define a new objective function

g(F ; ξ) := z · Err(F ; ξ)

N1
+ (1− z) · max len(F ; ξ)

N2
.

That is, g(F ; ξ) is the weighted sum of two objectives max len(F ; ξ) and Err(F ; ξ).
We use the weight z = 0.5 and the normalization factors N1 = 1, N2 = 100. Fig-
ure 3 shows the transitions of g(F ; ξ), the maximum queue length max len(F ; ξ),
and the forecasting error Err(F ; ξ). The NM method and BO need greater num-
ber of iterations to reach the algorithm result. Especially, because the forecasting
error is not at all reduced, we expect that they require a huge number of itera-
tions. It may be possible to reduce the number of iterations by using appropriate
hyper parameters. However, to identify the appropriate hyper parameters, we
need domain knowledge about simulation models or tuning algorithms requiring
numerous iterations.



0 20 40 60 80 100 120 140
Number of iterations

0.0
0.5
1.0
1.5
2.0
2.5
3.0
3.5

g(F; )

0 20 40 60 80 100 120 140
Number of iterations

0.0

0.2

0.4

0.6

0.8

1.0
Forecasting error (Err(F; ))

0 20 40 60 80 100 120 140
Number of iterations

100

125

150

175

200

225
Maximum queue length (max_len(F; ))

Fig. 3. Comparison of the algorithms. The red and blue lines denote the NM method
and BO, respectively, and the black lines denote the result after 142 iterations of our
algorithm (the solution converged).

4.3 Optimization in Large-Scale Simulation

In this subsection, we evaluate our algorithm for the large-scale instance. From
the change in queue lengths (Figure 4), we can see that the congestion at the
popular attractions a5, a8 can be reduced by the forecast. Moreover, the obtained
congestion forecast (Table 1) matches the forecast obtained from the algorithm
(the right graph in Figure 4). This is the same for any q when the calculation
converges (i.e., δ ≤ ∆ for all t). The number of total iterations is 3638, and the
calculation time is 3 days, 9 h, and 5 min. Actually, we parallelized the code, and
thus the calculation time was shortened from 81 h to 10.5 h. The main reason of
the increase in the calculation time is the increase in the simulation time. In the
small-scale instance, a single execution of the simulation requires merely 1 to 2 s.
On the other hand, the corresponding duration for the large-scale instance is 80
to 90 s. The other reason is the increase in the number of iterations. Strangely,
the number of iterations increases by just 3 times (from 1190 to 3086) even
though the number of optimization variables is increased by approximately 10
times (from 12 to 100).
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Fig. 4. Lengths of the waiting queues. The red lines are the popular attractions a5,
a8. In the right figure, we use the information distribution obtained by our algorithm
(q = 0.4, F = Table 1).



Table 1. Congestion forecast obtained by our algorithm.

1190 to 3086) even though the number of optimization variables is increased by
10 times (from 12 to 100).

Fig. 4. The lengths of the waiting queues. With forecasting condition is under the
optimal information distribution (q = 0.4, F = Table 1).

Table 1. The congestion forecasting obtained by our algorithm. a5, a8 are popular
attractions.

T a1 a2 a3 a4 a5 a6 a7 a8 a9 a10

1 0.720418 0.675817 0.696171 0.692837 1. 0.670981 0.762788 0.995877 0.685597 0.696621
2 0.808647 0.811263 0.812272 0.79651 1. 0.718593 0.736128 0.997293 0.713978 0.717667
3 0.841241 0.803143 0.823742 0.835404 0.991737 0.737548 0.745148 1. 0.73498 0.741999
4 0.899661 0.863094 0.894522 0.889992 1. 0.784652 0.770107 0.984395 0.799494 0.785912
5 0.902241 0.924524 0.893276 0.862496 0.933075 0.807642 0.818644 1. 0.809866 0.790043
6 0.870545 0.888406 0.906036 0.844671 1. 0.784408 0.799651 0.94668 0.805791 0.824702
7 0.926221 0.955718 0.937145 0.917229 1. 0.893041 0.89844 0.993736 0.899123 0.884014
8 0.935964 1. 0.961879 0.920934 0.986462 0.867541 0.866823 0.97186 0.870089 0.911179
9 0.922942 1. 0.911364 0.87543 0.91263 0.811624 0.780999 0.878249 0.827324 0.791795
10 0.829386 1. 0.763565 0.722922 0.9501 0.622605 0.497716 0.961467 0.529893 0.450597

Our algorithm sequentially solves a sub-problem for each time slot. Thus, the
number of iterations linearly increases with regard to the number of time slots.
In this case, the number of time slots is increased by 2.5 times (from 4 to 10),
and thus the number of iterations is increased by roughly 2.5 times. This implies
that our algorithm is scalable with regard to the number of time slots (i.e., T ).
However, it is not clear that scalability with regard to the number of forecasting
variables (i.e., the number of attractions in A). We analyse this point in the next
subsection.

Our algorithm sequentially solves a sub-problem for each time slot. Thus,
the number of iterations linearly increases with regard to the number of time
slots. In this case, the number of time slots is increased by 2.5 times (from 4 to
10), and thus the number of iterations is increased by approximately 2.5 times.
This implies that our algorithm is scalable with regard to the number of time
slots (i.e., T ). However, the scalability with regard to the number of forecasting
variables (i.e., the number of attractions in A) is unclear. We analyze this point
in the next subsection.

4.4 Scalability Analysis

In this subsection, we investigate the scalability of our algorithm. First, we apply
our algorithm to various combinations of the number of time slots (i.e., T ) and
the number of forecasting variables (i.e., the number of attractions |A|). Figure 5
shows that the number of iterations increases approximately linearly with regard
to the number of time slots and the number of forecasting variables. Second, we
apply our algorithm to a variety of congestion situations. It is possible to create
various degrees of congestion by changing the number of popular attractions
and the proportion of visitors preferring the popular attractions. The result
shows that our algorithm can reduce congestion in any congestion situation (see
Figure 6). Moreover, although the number of iterations changes depending on
the degree of congestion, the number of iterations in different situations is at
most two times.

4.5 Convergence Analysis

In this subsection, we numerically investigate the convergence of our algorithm.
Figure 7 is a congestion forecast calculated by our algorithm on error distri-
bution. The graphs show that the algorithm can find a set of values mostly
corresponding to the minimum error in three error distribution structures (q =
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Fig. 5. Relation between the total number of iterations of our algorithm, number of
attractions (horizontal axis), and the number of time slots (series). The experiments
were conducted for a small-scale instance.

0.2, 0.5, 0.7). The graphs imply that there are situations with no forecast satis-
fying the user equilibrium conditions (i.e., minErrt(F ; ξ) > ε′). Even in such
situations, the algorithm can find values that mostly minimize the error. Fig-
ure 8 shows the congestion forecasts calculated by the algorithm from various
initial forecasts (F0). The graphs show that the algorithm can find a forecast
that mostly realizes the minimum error regardless of the initial forecasts. Ta-
ble 2 shows the average number of iterations and the reason for stopping in 100
different initial forecast trials. In every trial, the algorithm stops before reaching
the upper bound ∆ = 10. If the minimum error can be smaller than ε′, the
algorithm is stopped because minErrt(F ; ξ) ≤ ε′ and a forecast satisfying the
user equilibrium conditions can be found. If there is no minimum error smaller
than ε′, the algorithm is stopped because γ = 0 and naturally, no forecast sat-
isfying the user equilibrium condition can be found. In summary, our algorithm
can converge within several iterations of various error distribution structures.
Even when there is no forecast satisfying the user equilibrium conditions, the
algorithm can find values that mostly minimize the error.

5 Conclusion

In this paper, we formalized and evaluated the pedestrian flow control method by
using congestion forecasts satisfying the user equilibrium conditions proposed in
[2]. More precisely, we proposed a simulation optimization algorithm for finding
appropriate congestion forecasts and information distribution policy. Then, we
evaluated the usefulness of our algorithm through computational experiments.
As shown in Section 4.2, even though the number of variables is small, it is
not easy for existing black-box algorithms to solve the problem with a small
number of iterations. On the other hand, our algorithm can approximately solve
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Fig. 6. Maximum length of the waiting queue for various combinations of the number
of popular attractions and proportion of visitors preferring the popular attractions (left
graph). The center graph is the result of distributing the optimal congestion forecast
after optimization. The right graph shows the number of iterations for the small-scale
instance, T = 4 and |A| = 10. Heavy congestion is observed on the bottom right of each
graph, as many visitors gather at some popular attractions. Heavy congestion is also
observed on the upper left of each graph, as many visitors gather at some “normal”
attractions. For example, in the situation where 10% of the visitors prefer 9 popular
attractions (upper left), the remaining visitors (90%) prefer the remaining attraction
(1 normal attraction). The closer the situation is to the diagonal from the upper right
to the lower left, the greater is the decrease in congestion.

Reasons for stopping

q Time slot
Average number

of iterations
Iterations > ∆ Error ≤ ε′ γ = 0 Average error

0.2 T1 3.21 0% 0% 100% 0.0446
T2 2.07 0% 100% 0% 0.0000
T3 2.01 0% 100% 0% 0.0000
T4 1.73 0% 100% 0% 0.0000

0.5 T1 3.83 0% 0% 100% 0.0357
T2 1.73 0% 95% 5% 0.0008
T3 3.77 0% 5% 95% 0.0101
T4 1.84 0% 100% 0% 0.0000

0.7 T1 3.36 0% 0% 100% 0.0882
T2 1.87 0% 94% 6% 0.0011
T3 3.63 0% 2% 98% 0.0110
T4 1.79 0% 100% 0% 0.0000

Table 2. Average number of iterations, the reason for stopping, and the average error
of the 100 trials. The average number of iterations is shown for 100 trials for various
initial forecasts. The 2nd to 4th column shows the percentage of the three reasons for
stopping: the number of iterations reaches the upper bound (Iterations > ∆), the error
is below the stopping accuracy (Error ≤ ε′), or the degree of update is 0 (γ = 0). The
5th column shows the average error of 100 trials.
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Fig. 7. Error distribution for the various proportion of visitors receiving congestion
information (q = 0.2, 0.5, 0.7). Each grid represents a situation where a certain con-
gestion forecast (corresponding to the F1 axis, F2 axis, F3 axis) is provided. If the
congestion forecast is normalized, then one of the values (F1, F2, F3) is always 1.
The color of each grid represents a forecasting error (Errt(F ; ξ)) in each situation. The
errors are calculated using a grid search. The circle represents the congestion forecast
calculated by our algorithm. The triangle is the initial forecast (F0) of our algorithm.
F0 is chosen randomly.
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Fig. 8. Congestion forecast calculated by our algorithm from various initial forecasts
(F0). We conducted 100 trials with different initial forecasts. The circle represents the
congestion forecast calculated for each trial. The error distribution of T1 is the same
for all trials, but the error distributions of T2, T3, andT4 are different among for each
trial. Therefore, only T1 is shown.



a large-scale simulation having many optimization variables in a reasonable time
(see Section 4.3). Moreover, the efficiency of our algorithm may not be limited
to certain conditions (see Section 4.5), and the convergence of the algorithm is
satisfactory (see Section 4.4).
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