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ABSTRACT
The theme park problem is a research framework that evaluates
measures for improving the satisfaction of visitors to crowded
amusement parks on a multi-agent simulation (MAS). To make the
MAS more realistic, we propose the followings: 1) visitor surplus,
which evaluates visitors’ satisfaction based on microeconomics,
2) multinomial linear model, a selection behavior model based on
visitor surplus, and 3) a tolerance limit model, which estimates the
distribution of the visitors’ tolerance limits of waiting times by
analyzing questionnaire results.
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1 INTRODUCTION
Kawamura et al. [15] defined the theme park problem, and pro-
posed it as a testbed for guidance systems to mitigate congestion
and increase visitors’ satisfaction. Since then, various guidance
methods have been proposed for the theme park problem [5, 6, 12–
14, 18, 21, 24]. Although the problem’s main purpose is developing
guidance systems, it is also important to ensure the validity of
MAS. Therefore we propose the followings about MAS of theme
park problem in the rest of this paper: §2. visitor surplus, which
evaluates visitors’ satisfaction based on microeconomics, §3. multi-
nomial linear model, a selection behavior model based on visitor
surplus, and §4. a tolerance limit model, which estimates the distri-
bution of the visitors’ tolerance limits of waiting times by analyzing
questionnaire results.

2 VISITOR SURPLUS
For the first issue, various indicators have been developed for evalu-
ating congestion and visitors’ satisfaction [1, 15, 16, 23, 31]. Fung [9]
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Figure 1: Each visitor gets surplus from attraction experi-
ences. Visitor surplus is sum of surplus of all visitors (green
area) for all attractions.

empirically pointed out that the difference between expected wait-
ing time and actual one affects the satisfaction levels. Therefore, we
propose visitor surplus as an evaluation index. In microeconomics,
consumer surplus is defined as the price at which a consumer is
willing to buy something (the willingness to pay) minus the trans-
action price, and it refers to the benefit obtained by the consumer
from the transaction [17]. Figure 1 shows the same concept ap-
plied to the amusement park situation. If the tolerance limits for
the attraction experience are the willingness to pay, we can draw a
corresponding downward curve by arranging the tolerance limits in
descending order from the left. If the actual waiting time is regarded
as the transaction price, the total visitor surplus obtained from the
attraction experience is the area of the green triangle. We simulate
an amusement park for a single day. The park has 𝑀 attractions,
and 𝑁 people visit and experience the attractions. Then, we define
visitor surplus 𝑆 =

∑𝑁
𝑛

∑𝑀
𝑚

∑𝐿𝑚,𝑛

ℓ
(𝛼𝑛,𝑚 − �̂�𝑚,𝑛,ℓ ), where 𝐿𝑚,𝑛 is

the number of experiences of attraction𝑚 by visitor 𝑛, 𝛼𝑚,𝑛 rep-
resents the tolerance limit of 𝑛 for attraction𝑚, and �̂�𝑚,𝑛,ℓ is the
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actual ℓth waiting time of visitor 𝑛 for attraction𝑚. With reference
to microeconomics, the larger the visitor surplus is, the greater is
the benefit for visitors.

3 MULTINOMIAL LINEAR MODEL
The second issue concerns selection behavior models, which are
rules that the visitors follow on MAS. In existing models [15, 20],
there is the probability for any visitor to select an attraction with
too long waiting time. Such behaviors are inconsistent with the
idea of surplus that a visitor has a tolerance limit and doesn’t select
options beyond the limit. Therefore, we use a multinomial linear
model where visitors select options within their tolerance limits.

We assume that a visitor acts according to the same rules as [25].
Visitors select attractions based on a multinomial linear model,
which assumes the following attractions of facility𝑚 at time 𝑡 and
the probability of selecting facility𝑚: 𝑎𝑚,𝑛,𝑡 = max(0, 𝛼𝑚,𝑛 −𝑊𝑚,𝑡 ),
and 𝜃𝑚,𝑛,𝑡 =

𝑎𝑚,𝑛,𝑡∑𝑀
𝑚=1 𝑎𝑚,𝑛,𝑡

, where𝑊𝑚,𝑡 is the waiting time at time 𝑡

of attraction𝑚. When
∑𝑀
𝑚=1 𝑎𝑚,𝑛,𝑡 = 0, the visitor stays without

selecting any attraction. The probability of selecting an attraction
is in proportion to expected surplus 𝛼𝑚,𝑛 −𝑊𝑚,𝑡 .

4 TOLERANCE LIMIT MODEL
Regarding the third issue about reflecting the visitors’ preferences
into MAS, we analyze questionnaire results by a tolerance limit
model to measure visitor preferences. Our model assumes that the
preferences are proportional to the tolerance limits of waiting times,
and that the distribution of the tolerance limits is continuous and
smooth. This model enables us to evaluates the surplus on MAS.
It was generally difficult to measure directly willingness to pay
or surplus [7, 10, 11, 17, 30] though the travel cost method (TCM)
estimates willingness to pay [4, 8, 27].

Each attraction𝑚 has popularity 𝛽𝑚 and probability 𝑞𝑚 to be in
the candidate set. 𝑥𝑚,𝑛 = 1 denotes that𝑚 is in the candidate set of
visitor 𝑛, and 𝑥𝑚,𝑛 = 0 denotes it is not, i.e. 𝑥𝑚,𝑛 ∼ Bernoulli(𝑞𝑚).
We assumed that attraction preference 𝝍𝑛 = (𝜓1,𝑛, · · · ,𝜓𝑀,𝑛) fol-
lows Dirichlet distribution with parameter 𝜷 ◦ 𝒙𝑛 , where ◦ rep-
resents the Hadamard product (element-wise product) operator,
𝒙𝑛 = (𝑥1,𝑛 · · · , 𝑥𝑀,𝑛), i.e. 𝝍𝒏 ∼ Dir(𝜷 ◦ 𝒙𝑛). Then 𝜓𝑚,𝑛 ≥ 0 and∑
𝑚𝜓𝑚,𝑛 = 1. Perseverance 𝜙𝑛 , which is the maximum value of

the tolerance limit of visitor 𝑛, is assumed to follow a lognormal
distribution [29]: log(𝜙𝑛) ∼ N (𝜇, 𝜎2). Tolerance limit 𝛼𝑚,𝑛 can be
estimated by product of perseverance 𝜙𝑛 and𝜓𝑚,𝑛 , normalized to
a maximum value of 1 to satisfy the assumption of a lognormal
distribution: 𝛼𝑚,𝑛 = 𝜙𝑛 × 𝜓𝑚,𝑛

max𝑚𝜓𝑚,𝑛
.

5 SIMULATION RESULTS
We surveyed 32 office colleagues to identify their tolerance limits for
five attractions. The parameters of the model in the previous section
were estimated by PyTorch [22]. We performed the amusement
park simulation using these parameters. The history of the waiting
times and visitor surplus are shown in Fig. 2 and Fig. 3, respectively.
Though the distribution of the visitor’s parameters is homogeneous,
when the number of visitors increases and the supply becomes short,
the corresponding demand curve is pushed up nonlinearly. Since
analyzing this situation is difficult with just mathematical formulas,

Figure 2: Waiting times of each attraction in the simulation
with parameters obtained from questionnaire results. Wait-
ing time peak for each attraction increases as 𝑁 increases.

Figure 3: An example of surplus of attraction: Line shows
tolerance limit of visitors who experienced attraction, and
the point shows actual waiting times at that time. Sum of
differences between lines and points corresponds to surplus.

MAS is a useful tool. Although we only described how the theme
park problem can be treated as a surplus maximization problem
by our proposed model, we want MAS to be used to estimate the
surplus of general economic effects.

6 DISCUSSION
The theme park problem was originally proposed as an example
for investigating a system to increase social welfare, based on the
bounded rationality of individuals [15, 26]. Although traditional
economists assume that humans make rational choices [2], be-
havioral economists are building a theory that considers bounded
rationality [28]. However, many applied economists assume a multi-
nomial logit model [19] as a behavior model whose selections are
based on utility, and utility can be estimated from the observation
of behavior. One problem is that a multinomial logit model assumes
random utility maximization [3], which also cannot be implemented
without rationality after fully understanding the options. The other
problem is that estimating surplus from such estimated utility is not
straightforward even though surplus is a critical indicator of social
welfare in microeconomics. Therefore, we believe that economics
needs to develop a choice behavior model based on surplus like our
proposed model.
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