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Background
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Over-tourism caused by tourists is a worldwide problem

> iEHMEFIE / congestion control
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External diseconomies due to an increase in the number of tourists

—|Introducing an accommodation tax
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In our estimation, we focus on congestion control through accommodation taxes.
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Basic Analysis
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The level of crowding varies by time of day, making it important to address peak times.
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Number of visitors by time of day in Matsuyama
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Basic Analysis
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Number of tourists by time differs depending on the hotel.

BT Y 7 O BIFHTEEEL Hourly Distribution of Dogo Area
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Hypothesis
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The utility of each area may exhibit nonlinear behavior depending on
the time of day.
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People may want to visit hot springs in the morning or evening, while

visiting the castle during the day, etc.
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The daily sightseeing activities may be constrained by the location of the hotel.
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Tourists may cut short their sightseeing activities to move toward their hotel for check-in or
dinner, etc.

Dynamics of node values for those who stay at Dogo area  Dynamics of node values for those who stay at Okaido area
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Purpose
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We aim to balance peak-hour congestion in each area by applying area-specific hotel pricing.
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We aim to encourage more diverse and dispersed visitor behavior by applying appropriate
dynamic pricing.

Number of overnight visitors in the Okaido and
Dogo areas
(2022 PP survey)

‘Okaido area

- ‘ : Accommodation points

n Okaido = Dogo

Accommodation locations of people who stayed in Matsuyama in the 2022 PP survey
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Framework
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Five areas are set as the choice of areas to stay.
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Framework

binary Logit Model for accommodation site choice

Dogo
Okaido

fee

Vdogo .Bfee 1000 + .Btlmextlme
i
Vokaido .Bfee 10860 + .Btimextime

Learning-Recursive Logit Model
for sightseeing scheduling
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> B TORET Y 7EBZRLTRER
Describing the transition of stay areas in tourist

destinations using Recursive Logit model.

- RBXTY TOBRRIITOME BHE) %
NN % B W TIERRIZ T IERARAY 4 B ﬂqs‘wmm L
TEALEWFE THE
Introduce the time-series attractiveness of each tourist
area as a nonlinear utility function using a neural
network and estimate it with machine learning.
—Learning-Recursive Logit model
(Sifringer 2020, Han, Yafei, et al., 202273 &)

> B AR E T IV(BL) % A A AR EBUER
EFM T RE
Integrate the accommodation choice model for the final

destination.
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Framework

binary Logit Model for accommodation site choice

Dogo
Okaido
xfee
Vdogo = .Bfee m + BtimeXtime

fee

Vokaido .Bfee 1000 + .Btimextime

Learning-Recursive Logit Model
for sightseeing scheduling

GPS survey (2022 Tokyo-Matsuyama PP data)

GPS trajectory

hotel locations (price)
start time of tours

end time of tours
congestion of each area

BUT... lacking individual data

—generated individual data based on the past GPS data
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Result

Estimation results of BLL model

for accomodation site choice

parameter estimate t-value
Hotel Fee [JPY] -1.31  -101.9%**
Time [min.] -0.504  -27.0%**
sample 120
Log-likelihood at 0 -1833.1
Final Log-likelihood -400.9

P> 0.781
Adjusted p? 0.780
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1% significant ***
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Estimation results of L-RL model

for sightseeing scheduling

parameter estimate

O dist [km] -0.55
sample 1141
Log-Likelihood at 0 -1364.69
Final Log-likelihood -616.24
p? 0.55
Adjusted p? 0.55

f Value in dogo_center Area
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Result?

Matsuyama Castle

sintengai
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Timestep = 00

Okaido

BEeh L

Dogo Cente

Dogo Sout
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Timestep = 00
Dogo Cente
Dogo Sout
Matsuyama Castle
Okaido
sintengai
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Conclusion

OB 7 OMBIFRKEICS L C—EEEIERE 28 2~
The utility of each area exhibits a certain degree of nonlinear behavior over time.

@18 0FITE SRS IC & S RREHNZ = 2

Tourist behavior is subject to time constraints depending on accommodation location.
STEAROEAN CRMZE —EREIF T
Succeeded in controlling congestion with pricing for accommodation fee

V ==Y =) ALAANDBEHARDONEZIREN R ET IV TRE

Indicating the impact of pricing for accommodation fee on over-tourism

< Future Work >

e Utilizing more data ex.)Personal Attribute

e To maintain the interpretability of NN

* The way of congestion control ex.) Dynamic Programming
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Appendix. Binary Logit model

ERSAERT TV ZEOY v NOHERER
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This is the result of BL for accommodation site choice. In this model, guests choose
Dogo or Okaido as their accommodation site. The explanatory variables are Hotel

Price(JPY) and Time to Dogo(min.).

Xnri
price
dOgO price 1000 timetime

Xpri
price
okaido — ﬁprwe 1000 ﬁtlme time

Dogo

Okaido
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Estimation results of BLL model

for accomodation site choice

parameter estimate t-value
Hotel Fee [JPY] -1.31  -101.9%**
Time [min.] -0.504  -27.0%**
sample 120
Log-likelihood at 0 -1833.1
Final Log-likelihood -400.9
p? 0.781
Adjusted p? 0.780

1% significant ***
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Appendix. Learning-Recursive Logit model

v(aglas—1) = Ogised(ae|ac—q) + f4(t, c)

MR DIEFRBIIAICNeural NetZ A 3 Z & T, FERBIDOFEBRBAD
H3AJHE

s FHINHWORENBVCEMICLAIWALREDRIBIZENIZEEZEZOND
o SEIFEBFRITOI-S, BE - REI & DRMODAE AT E LT
Estimation results of L-RL model

for sightseeing scheduling

parameter estimate

04istkm] -0.55
sample 1141
Log-Likelihood at 0 -1364.69
Final Log-likelihood -616.24
p? 0.55
Adjusted p? 0.55
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Appendix. Learning-Recursive Logit
BEERF 2 (6, ©) D BRI & LUFISR T

f Value in okaido_shopping_street Area f Value in dogo_center Area
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Formulation

M TORBESZTBRL-RLET IV
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Ut(a’|k) - HdD(a’ﬂ k') + f(a’ﬂ t)
VyIR BZED / — FEME(NN: SERFATEL)
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