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Abstract—A one-way car sharing service, which allows a car
to be dropped off at an arbitrary station, is highly convenient
for users. However, the uneven distribution of users’ departures
or destinations causes the situation where user cannot access to
available car. This situation incurs a heavy loss for both users and
the operational side of service. For this problem, we introduce a
dynamic pricing scheme using reinforcement learning to set the
charge for each station and propose a method to maximize the
utilization rate by suppressing the uneven distribution of cars.
The experimental results show that dynamic pricing improves
the uneven distribution of cars compared with flat rates.

Index Terms—car-sharing, dynamic pricing, reinforcement
learning

I. INTRODUCTION

Car-sharing services can be either round-trip services or
one-way services, and cars are borrowed from a dedicated car
sharing space (henceforth referred to as a station). The round-
trip service requires the user to return the car to the station it
was borrowed from, while the one-way service allows a user
to drop it off at any station. Because the one-way service is
more convenient, it is expected to expand in popularity shortly.

Even so, the one-way car sharing service has a major
disadvantage: the cars will be unevenly distributed across
stations because the departure and destination locations of the
users are biased by user preference. As a result, the number of
people who cannot use the service increases and the utilization
rate decreases.

In this study, we propose dynamic pricing to maximize
the utilization rate. This is motivated by the fact that the
distribution of users in the car-sharing service changes ac-
cording to the price of the service [1]. For dynamic pricing,
we propose reinforcement learning. Reinforcement learning is
suitable for dynamic pricing because it excels in multi-step
decision making. In this study, four experiments are conducted
to compare flat rates and dynamic pricing. We confirmed from
experiments that proper dynamic pricing reduces the uneven
distribution of cars and maximizes utilization.

II. RELATED RESEARCH

Existing research [2] regarding redistribution involves the
application of reinforcement learning to stabilize the number
of vehicles based on the movement of unused cars. It also
includes research on vehicle redistribution and stabilization
with autonomous vehicles [3], [5]. There is also research being
conducted on optimal redistribution based on the demand
forecast of bicycle sharing [4]. Research on dynamic pricing
includes the pricing of ride-sharing services that use private
cars as taxis [6].

The technology of redistributing by automated driving tech-
nology has emerged recently [3], [5]. This research is useful
because the redistribution of autonomous vehicles needs to be
reduced as much as possible.

The research conducted in the current study aims not only
to maximize the company’s profits, but also to improve the
users utilization rate.

III. MODELING OF CAR-SHARING ENVIRONMENT

A. Definition of terms

Definitions of terms are listed in TABLEI.

TABLE I
DEFINITION OF TERMS

Details
Station N Space to rent a car
Number of cars parked C Parking number of each station
Predicted number of C+Number of temporary
cars parked Cpred destinations for cars in use
Predicted number of Variance of Cpred

cars parked stability Hpred

Charge setting F Usage charges per minute [yen/minute]
Point of departure L Place where users start using a car
Temporary destination DT Place where user temporarily goes
Actual destination DA Place where users would prefer to go
Preference[1] wp Preference for charges
Preference[2] wd Preference for distance

B. Car sharing service model

The car-sharing service model targeted by this research is
shown in Fig.1.



Fig. 1. Car sharing service station model

The station observes the number of parked cars C and
the predicted number of parked cars Cpred. Based on these
observations, a charge is presented to the user. The user
decides which start station to use based on the usage rates
corresponding to the stations’ charges for departure. Utiliza-
tion rates, which are defined according to the existing research
[1], to calculate the number of users per day from the num-
ber of reservations received for each fee offer. Additionally,
according to the utilization rate, the actual destination DA

station is determined. Next, the user determines a temporary
destination DT , which is a station that is on the way to their
destination. The temporary destination is determined from the
preference w = (wp, wd) of each user and the charge for
arrival of each station. DA and DT are indicated by two-
dimensional vectors. The degree of preference indicates what
each user places weight on. In this research, two weights,
wp “charge” or wd “distance between the actual destination
and another station”, are used to determine the temporary
destination. Moreover, wp and wd are given by Eq.(1).

wp + wd = 1 (wp, wd ≥ 0) (1)

In this case, the selection of stations according to the
selection level is defined as Eq.(2). The user chooses the
station with the highest preference (their preferred station)
as the temporary destination and starts using it. Finally, the
number of parked cars at each station and the estimated
number of cars parked are updated. As described above, the
model determines the charge F of the station to be used for
each unit time and fluctuates with the utilization rate of the
user.

arg min
DT∈N

||DA −DT ||2
xmax

× wd +
FDT

Fmax
× wp (2)

First, the distance between the actual destination DA and the
other stations N is calculated. Normalization is then performed
by multiplying it by the user preference wd and dividing the
result by the station group maximum distance xmax. Next, the
user’s preference wp is multiplied by the station charge F .
Similarly, the result is divided by the maximum charge Fmax

to perform normalization. The station with the least value for
a given preference is the tentative destination DT .

C. User behavior

Algorithm 1 User behavior algorithm
Determine the departure location L according to the charge
Determine actual destination DA

Determine temporary destination DT according to preference
—Lending—
if CL > 0 then ▷ There is a car available: USE
elseCL = 0 ▷ There is no car available: NOT USE
end if
—Return—
if CDT

<Cmax then ▷ There is space to return: RETURN
elseCDT

=Cmax ▷ There is no space to return: NON-RETURN
Re-determine temporary destination DT according to preference

end if

The user’s behavior is outlined by Algorithm 1 above.
It generates users with different preferences. At this time,
the origin L and the actual destination DA are determined
according to the distribution of user occurrence. The temporary
destination DT to be adopted is also determined from the
preferences described above. If there is an available car at the
selected departure location L, it can be used. Finally, the user
returns the car. At this time, it is determined whether parking
at the temporary destination DT is possible. If parking is not
possible, a different temporary destination DT is determined
according to preferences.

D. User outbreak

One user comes to a start station per step. At this time, there
are no users at a station where the number of cars is zero. In
the existing research [1], a one-way car-sharing service was
simulated based on different charges. Simulations spanning
90 days were run 100 times, and the number of reservations
accepted and tickets not taken were calculated. The incidence
rate according to the charge in this research was calculated
from the existing analysis [1]. The number of users per day
was derived from the number of reservations received for each
charge setting in the current study. The number of users for
each charge is shown in TABLEII.

TABLE II
NUMBER OF USERS ACCORDING TO CHARGE

Charge setting[yen/minutes] Daily number of users[People/minutes]
15 2.32
20 1.20

It is assumed that the prices are 15 yen and 20 yen. The
users per minutes are 2.32 and 1.20, respectively, and the ratio
of the number of users is 2:1. In this study, the ratio of the
number of users is used as the generation ratio according to
the charge.

IV. EVALUATION METHOD

In one-way car sharing, users are unevenly distributed.
At this time, if the charge is such that the number of cars
becomes uniform, cars will be unevenly distributed by utiliza-
tion. Therefore, if the difference between the user occurrence
distribution and the distribution of the predicted number of
parked cars at each station is closer, the charge can be
set appropriately. Therefore, the Kullback-Leibler information



amount is calculated from the occurrence distribution and
the ratio of the predicted number of parked cars at each
station. The Kullback-Leibler information amount measures
the difference between two probability distributions in the
actual probability distribution P and in other probability
distributions P ′. When P and P ′ are discrete distributions, the
Kullack-Leibler information amount for P ′ in P is indicated
by Eq.(3).

DKL(P ||P ′) =
∑
i

P (i) log
P (i)

P ′(i)
(3)

P (i) and P ′(i) are probabilities that the value selected by
the probability distributions P and P ′ is i. It indicates that the
probability distributions of P and P ′ are close when the value
of the Kullback-Leibler information amount is low. In this
study, as the user occurrence distribution P and the distribution
P ′ of the predicted number of cars parked approach 0, the bias
can be reduced, and the need for redistribution will be reduced
in the future.

V. PROPOSED METHOD

This study is formulated by the Markov decision process
⟨S,A,R,P, γ⟩. S is the state set, A is the action set, R is
the reward vector, P is the transition probability set, and γ is
the discount rate. We express the discount rate and apply Q-
learning to achieve dynamic pricing. Q-Learning is a typical
reinforcement learning method that learns the optimal policy
in the environment of the Markov decision process [7]. In
Q-Learning, an agent chooses its action at in current state st
according to Q(st, at). Then, by executing at and transitioning
to the next state st+1, the agent is updated from Q(st, at)
with the obtained reward rt to Q(st+1, at+1), which is the
maximum Q-value in st+1 according to Eq.(4). Here, α is the
learning rate.

Q(st, at)← Q(st, at) + α
(
rt+1 + γ max

a
Q(st+1, a)−Q(st, at)

)
(4)

The status input in this study is the predicted number of
parked cars at each station Cn

pred. The procedure is to observe
the state s ∈ S of each step, change the charge F with the
action a ∈ A, and observe s′ in the next state.

In this study, we seek to minimize DKL. However, it
is difficult to minimize DKL directly. So the problem is
solved by keeping the expected number of parked cars within
an acceptable range. The predicted number of parked cars
stability Hpred is defined in Eq.(5). Here, N is the number
of stations, Cpred is the predicted number of parked cars for
each station, Cpred is the average of the predicted number of
parked cars for each station.

Hpred =
1

N

N∑
n=1

(Ct
predn

− Ct
pred)

2 (5)

We use H , given by Eq.(5), for the reward calculation
instead of minimizing DKL. Thus, we introduce the metric
defined in Eq.(6). The reward will be applied to the predicted
number of parked cars stability Hpred. The allowable predicted
number of parked cars stability Htolerance

pred is the value of the

stability of the permitted number of parked cars. A negative
reward is applied when this value exceeds the forecasted
parking stability Htolerance

pred .

rt = C if Hpred > Htolerance
pred (C is negative reward) (6)

VI. COMPUTER EXPERIMENTS

In this section, we confirm the applicability of the proposed
method using four experiments.

A. Experimental settings

The experimental environment indicates that the maximum
number of parked cars is 6, the number of stations is N = 6,
and the total number of cars is 18. The initial number of parked
cars at each station is 3, and the maximum predicted number
of parked cars is max(Cn

pred)=18. The locations of the stations
are shown in Fig.2. The environment is a 5 x 5 grid world, and
the six stations are located at (0, 0), (0, 1), (0, 4), (1, 4), (4, 3),
and (4, 4). The red frame shows one station, the blue frame
shows a parking space, and the green structure shows a pair
of stations. Moreover, 1 cycle represents 1 minute, 10 hours
are simulated, and the average of 1000 episodes is evaluated
for each experiment.

Fig. 2. Schematic of the experimental environment

Reinforcement learning is applied to each environment’s
dynamic pricing. State s ∈ S splits 0 ≤ Cn

pred ≤ max(Cn
pred)

into discrete values and observes this state at all stations.
Specifically, the state can be divided into three states, Cn

pred =
0, Cn

pred = 1, 2, and Cn
pred ≤ 3, which can be distinguished

at each station. The action is selected from A = {15,20}. The
reward is defined as rt = −5, if Hpred > Htolerance

pred .
In this study, four experiments are conducted to compare

flat prices, and dynamic pricing obtained by reinforcement
learning. For evaluation, the difference DKL of the distribution
of the predicted number of parked cars at each station is used.

Experiment 1 and Experiment 2 verify user-generated un-
even distribution. Experiment 1 is an environment where the
occurrences at all stations are uniform, and Experiment 2 is
an environment where the events at the stations are unevenly
distributed. Additionally, in all experiments, the choice of
station for departure and the actual destination depend on
the utilization rate based on the charge. Experiment 3 and
Experiment 4 determine the temporary destination according
to user preference. In Experiment 3, the preference considers
only the “charge”, and in Experiment 4, the preference is



determined from “charge” and “the distance between the actual
destination and another station.” Additionally, in Experiment
3 and Experiment 4, the occurrence of users is an uneven
distribution.

B. Experimental results and considerations
TABLE III

EVALUATION OF EXPERIMENTS 1, 2, 3, 4 (RL=REINFORCEMENT
LEARNING)

Experiment 1 Experiment 2 Experiment 3 Experiment 4
Flat RL Flat RL Flat RL Flat RL

DKL 0.20 0.16 0.54 0.43 0.53 0.34 0.44 0.34

The evaluation value considers the difference DKL of the
distribution of the predicted number of parked cars at each
station, as presented in TABLEIII. The reinforcement learning
is denoted as RL.

1) Applicability of dynamic pricing: As a result of com-
paring the flat charge of 20 yen and the evaluation value of
dynamic pricing in Experiment 1, the variance Hpred of the
predicted number of parked cars was 4.12 for the flat charge,
and 2.49 for the charge based on reinforcement learning. In a
stable outbreak environment, it is desirable that the predicted
number of cars parked at each station be uniform, so dynamic
pricing with a small variance of the predicted number of
parked cars is useful. Thus, we compare the flat charge and
dynamic pricing with the difference between the distribution
of outbreaks and the distribution of the predicted number of
parked cars at each station. As a result, a significant difference
was found at the 1% level of significance in reinforcement
learning. Therefore, it can be stated that providing a one-way
car-sharing service at a flat charge is difficult to implement
without requiring redistribution.

2) An environment in which the emergence of users is bi-
ased: Experiment 2 is an environment where the occurrence of
users is unevenly distributed, Experiment 3 is an environment
where the user’s preference is only “ charge ”, and Experiment
4 is an environment where the user’s preference is “ charge ”
and “ Distance ”. For each experiment, we compare the flat
charge and dynamic pricing evaluation values. The difference
between the evaluation values was verified using the T-test
for the flat charge and reinforcement learning charge setting
schemes, which takes two samples with equal population
variance from each scheme for comparison. As a result, in
each comparison, the difference DKL between the distribution
of user occurrence and the distribution of the predicted number
of parked cars at each station was significant (significance level
of 1%). The result is displayed as a box plot in Fig.3. From
these results, in an environment that takes preference into
consideration, using reinforcement learning makes it possible
to set charges that match the user occurrence distribution.

3) Practicality of reinforcement learning: We simulated a
one-way car-sharing service with tolls that incorporates rein-
forcement learning. Reinforcement learning makes it possible
to respond to changes in the environment, the maximum
number of parked stations, and changes in the number of cars
as automatic charge setting parameters, so it can be stated that
dynamic pricing based on reinforcement learning is practical.

Fig. 3. Difference between the distribution of user occurrence and the
distribution of the predicted number of parked cars at each station (Experiment
4). The lower part of the square is the first quartile, the orange line is the
median, the upper part of the square is the third quartile, and the circles are
outliers.

VII. SUMMARY AND FUTURE ISSUES

In this study, applying dynamic pricing using reinforcement
learning reduces the number of unavailable stations. This is
achieved by stabilizing the planned number of parked vehicles
within an acceptable range.

On the other hand, there is still room for improvement in
terms of the reward design. The current reward design is given
when the variance of the predicted number of parked cars
increases, but is not considered according to the bias of the
user occurrence distribution. Therefore, a possible improve-
ment would be to consider the reward design in consideration
of the bias of user occurrence distribution.

Furthermore, we should consider the number of stations
in real one-way car sharing services. At this time, the state
input is limited by the currently used Q-learning, and it is
not effective in an environment where the number of stations
may change. Concerning the number of stations N , the state
S and operation A can be shown to represent 3N and 2N

computations, respectively. Therefore, methods such as deep
reinforcement learning [8] that can handle more complex
environments are attracting attention. We will consider the
introduction of a method that can handle more complex
environments as a future task.
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