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The purpose of this study is to develop an intelligent parking dispatching system based on LoRa network technology. During
the local festival, many tourists come into the festival site simultaneously after sunset. To handle the traffic jam and parking
dispatching, many traffic management staffs are engaged in the main road to guide the cars to available parking lots. Nevertheless,
the traffic problems are more serious at the peak time of festival. Such parking dispatching problems are complex and real-time
traffic information dependent. We used Queuing theory to predict inbound traffics and to measure parking service performance.

Q-learning algorithm is used to find fastest routes and dispatch the vehicles efficiently to the available parking lots.
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| . Introduction

Local festivals contribute to the activation of the local
economy by inducing residents' motivation for continuous and
voluntary participation and also encouraging participation of
outside tourists [1]. Cultural events such as local festivals have
limited parking space due to their regional capacity restriction.
Also, tourists try to experience more contents in a short time as
possible. For this reason, a lot of vehicles rush in the same place
at the same time that cause traffic congestion as well as social,
environmental and economic problems[2]. Recently, some
methods of using the 10T (Internet of Things) platform have been
proposed to solve this traffic congestion[3-6][20,21]. Car parking
lot detection method based on automatic threshold algorithm[3],
using sensors for intelligent autonomous parking[4] and a method
of using a laser scanner to search for car-parking lot position[5]
have been proposed. However, there is a disadvantage that
expensive H/W such as a sensor or a laser scanner for an image
process is required. In addition, the ITS method using cloud
computing[6][13-14] is lacking in end-to-end solution because its
performance is determined by various wireless technologies in the
sensor layer| 14].

In this paper, we use loT platform-based LoRa (Long Range)
network technologies and intelligent search method to handle the
suddenly increasing traffic efficiently. First, LoRa networks are
used as sensor networks, which have advantages of low-cost,
low-power, long-distance wireless networks. This provides a
platform for all drivers looking for a parking lot to provide
information such as real-time parking situation. Second, we use
both Q-learning algorithm and Queuing theory to find the shortest
distance to find shortest available parking space. We propose an
intelligent traffic dispatching and parking allocation system that
enable end-to-end solution in the case of suddenly increasing

traffic during the local festival.

II. Related Studies

2-1 Intelligent Parking System

Faheem el al.[7] proposed many different technologies for the
intelligent parking systems. Although all the proposed intelligent
parking systems have the common use of the Internet, they can be
divided into 6 categories according to the subjects of the adopted
technologies. However, they have limitations such as indoor or
limited outdoor parking situation, time delays due to complicated
operations, and parking space limitation mainly due to the spatial
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information transmission constraints[18][21]. In this study, we
have reviewed many available technologies that appropriate to the
locally distributed multiple outdoor parking lots in a specific area.

LoRa network with [oT sensors is most prospect technology[8].

2-2 LoRa Network

As the LoRa network uses the license-exempt band, it can be
developed by anyone and is a most prospective platform capable
of various services. The maximum reaching distance is 20Km and
the module price is so low. Meanwhile, there is a disadvantage
that frequency interference may be caused by using the
license-exempt band frequency 921MHz[15]. There is an
advantage of low maintenance cost due to the feature of ultra low
power with extremely small battery. The architecture uses
Star-of-the-Star topology and connects low power devices for

long distance wireless transmissions[8][16].

2-3 Queueing Theory and Q-learning Algorithm

Considering the actual situation of widely distributed parking
lots in a specific area and extremely traffic congestion by the
rushing travelers, the problems are very difficult to solve
compared with single parking lot allocation problem because of
effective dispatching waiting cars within short time as well as
efficient communications between sensors and server. LoRa
network with IoT sensor chips can be a promising alternative to
solve the widely distributed network problem as minimum
operation cost. Dispatching pouring cars to the available parking
lots subject to minimum time constraint is still difficult
problem[19][20]. We have applied Queuing theory and
Q-learning algorithm to predict the inbound traffics and to find
shortest route to the available destination.

Queuing model in fig. 1 is appropriate to measure the
performance of service system with waiting conditions and time
to be serviced. The model describes the arrival characteristics,
service characteristics, and service location[22]. The main
assumptions underlying the theory are that the arrival distribution
follows Poisson distribution and service time distribution of the
system follows the exponential distribution. The queuing model is
appropriate enough for describing events that occur randomly
within a given time. It is easily applied to simulate traffic
handling with random vehicle arrivals. The Poisson distribution
value is applied to the Q-learning algorithm as a threshold value.
Queuing theory enables discrete event simulation because it can
process sequence by time. Therefore, the queue of the queuing
theory should be well synchronized with the waiting time and idle
time of the server. This methods is suitable for LoRa network
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because of LoRa provide real time communication based on
ToT[12][23].

To find shortest route from the tollgate to a target destination
with the traffic information and available parking lot capacity,
intelligent algorithm with learning mechanism should be
developed. Many algorithms are suggested for finding the shortest
distance traffic route such Dijkstra algorithm, A* algorithm,
Bellman-Ford algorithm, Floyd algorithm (Floyd), and so on
[9][10][11]. Recently, Q-;earning algorithm with reinforcement
learning has emerged as an alternative method to overcome the
shortcomings of previous algorithms. It was developed on the
basic concept of artificial intelligence and learning strategy. The
principle of the Q-learning algorithm is that an agent’s future
action is defined on the base of the action in the current state plus
the sum of the rewards for future actions. It is an algorithm that
performs reinforcement learning on the assumption that a single
agent does not change a given finite condition.[12] To solve the
actual parking situation problem with the dynamic environment
due to the change of the incoming and leaving vehicles
continuously, we propose a new queuing model with Q-learning

algorithm based on a single agent.
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Fig. 1. Queuing model

lll. LoRa Network based Parking
Dispatching System

3-1 System Architecture

To develop a prototype for the efficient traffic dispatching
system with the distributed parking lot environment in a local city
festival period, we need to minimize the actual situation. This
study has the following assumptions. It assumes that the LoRa
network module is installed and all the parking status information
of each lot is gathered instantly. To simply the problem, all
inbound traffic are from two highway tollgates and dispatched
three nearest parking lots. The travelers use smart phone to get
parking information of their destination. The system agent
(inbound traveler) must be a member of the system with his own
ID. We assume legal constraints such as fine does not exist and
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Fig. 2. System architecture

traffic signals function well which will not cause traffic jam. The
inbound traffic rate of each tollgate and parking lot follows
Poisson distribution. The single agent behavior is predicted with
proposed Q-learning algorithm rather than multiple agents.

We propose a system architecture which is divided into two
main areas (fig. 2). Travelers can get information from LoRa
network server after passing tollgates, but he/she can get
information just only through internet with TCP/IP protocol
before getting to highway tollgate entry. LoRa network is
composed of star-of-star topology that is connected to end device
via single-hop LoRa link connected to one or several gateways.
Therefore, the next step is gateway to the net server with standard
IP protocol.

Each LoRa module is installed in a parking lot and consists of
minimum size and lowest price with light sensor function. In the
LoRa service section, the data are obtained from the IoT sensor
that is simply stored and updated simultaneously. Data
communication layer which is connected with LoRa Gateway
serves as the interface with the parking management system
which is the main server(fig. 3). This access mode simplifies the
management of all complex networks for accessing end nodes and

moving to the net server[11].
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3-2 Proposed QueQ-learning

To develop a prototype for the proposed system, we developed
an efficient algorithm with the following variables and processing
routines on the basis of queuing theory and Q-learning algorithm.

C : Capacity of a car parking block

L : Number of levels in car parking block

Ut : Current utilization of car parking block

Pil : Probability of the ith car parking block

tv : arrived time of vehicle v at parking block

Learning Rate(LR) : The learning rate controls

how fast we modify our estimates.
gamma : Discount factor
(discounted value of future rewards)

# Q-learning algorithm pseudo code :

# Q(state, action) = R(state, action) + gamma *

# Max[Q(next state, all actions)]

# Queuing theory :

# Compute Pil with tv, Ut, L, C * if Pil > 75% then
# threshold=0,

# else threshold = 1 ( Pil =<75%)

1. Set parameter and environment rewards
in matrix R.
2. Initialize matrix Q to zero.
3. For each episode:
Select a random initial state.
Do while the goal state hasn't been reached.
Select one of all possible actions
for the current state.
Using this possible action, consider
going to the next state.
Change state if threshold was changed.
#Queuing theory adjusted
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Get maximum Q value for this next state
based on all possible actions.

Compute: Q(state, action) = R(state, action)
+ gamma * Max[Q(next state, all actions)]

#learning step

Set the next state as the current state.

End Do
End For

IV. Experimentation and Evaluation
4-1 Experimental environment

The Q-learning environment consists of a matrix of 10 x 10
discrete states. It starts in the bottom left column and goes to the

top right column to become the absorption state where Q (s, a)
value is 100(fig. 4). Therefore, the path for the maximum Q value

is diagonal(fig. 5).
Q Learner - Trying to get bottom left to top right

a7 4. 2oy B

Fig. 4. Simulation matrix

Current Best Route using Q values
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o

g 5. #He| Q(s, a) 27
Fig. 5. Best Q(s, a) routing

4-2 Experimental results

In QueQ-learning algorithm, it is shown in fig. 6, the number

of cycles for total number of steps using best Q value is faster
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than about 8 times Q-learning algorithm. In addition, the number
of moves shown in fig. 7 was 15,000 in Q-learning algorithm,
while QueQ-learning algorithm found the best step in about 6,500
times. One way of examining the current Q values would be to
look at the sum of the entire Q matrix as the number of move
increase(fig. 8 and fig. 9). As convergence gets closer, the
gradient gets closer and closer to zero. Finally, in fig. 10, it shows
the state of the Q-values stored for each state action. The y-axis
represents the current state, and the x-axis shows the possible
actions to move to the next state. The diagonal lines represent the
current Q (s, a) value from 0 to 100. Therefore, Q-learning
algorithm and the proposed QueQ-learning algorithm converged

with the same Q value.
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Fig. 10. State/action Q-values

V. Conclusion

This study proposes an intelligent parking allocation system
that combines Queuing theory and Q-learning algorithm based on
LoRa network, a low-power, low-cost, long-range wireless sensor
network. Using the structure of LoRa network with the existing
sensor network technologies, it was possible to construct a system
that is fast, simple and low cost. The important idea of this paper
is to calculate parking rates every time which will be important
information to the actor’s decision. To give the critical threshold
of parking rate which inform the possible failure rate when a
vehicle try to get parking, the travelers will have chance of
parking success with minimal travel time. To guide the shortest
route for the traveler, the Q-Learning algorithm will minimize
trial and error to get the target destination. The Q-learning
algorithm using Queuing theory, which is a queuing theory that
can obtain the shortest distance in a short time, has resulted in
faster calculation time. However, there are many variables and
constraints that can’t be predicted when two or more agents are
involved. It is also difficult to calculate the exact performance of

queuing model when traffic signals are not efficient and jam
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situation occur by the overflow of traffic. More research is needed
about Q-Learning algorithms for the multiple agent situations and

traffic overflow.
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