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Abstract

Our paper proposes a smart parking model to reduce a wastage of time by allocating
the free parking spaces, ensures security and proposed a recommender system. We
have targeted main three segments of our smart parking model. First, we have pro-
posed a cloud based architecture. Through the architecture we shows how to allocate
spaces of parking area among the users. We have used Google Cloud IoT core service
to generate our cloud architecture. Secondly, we introduced the security portion of a
parking system. License plate is an important aspect for those parking places where
people reserve parking places for their comfortable journey. We used Deep Learning
(DL) based architecture to detect and recognize the license plates of users. TensorFlow
framework is used to detect and recognize the license plates for user authentication.
Finally, we focused on building a recommender system to recommend a parking place
where multiple parking areas are exist in one areas. The Reinforcement Learning (RL)
algorithm is used to show how a recommender system can work. We have got 98% ac-
curacy in terms of detecting and recognizing the license plates. Also, our recommender
system performs 50% better than the existing algorithms. Overall, our proposed model
is able to reduce the wastage of time by 50% which is a very good accuracy and ideal
for practical deployment in our real life.

Keywords: Smart Parking, Recommender System, Deep Learning, Deep Reinforce-
ment Learning, Reinforcement Learning, Cloud Computing, TensorFlow, Intelligent,
IoT.
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Nomenclature

The next list describes several symbols & abbreviation that will be later used within the
body of the document

A2C Advantage Actor Critic

A3C Asynchronous Advantage Actor Critic
AC  Actor Critic

API Application Programming Interface
CRF conditional random field

DL  deeplearning

DNN deep neural network

DRL deep Reinforcement learning

FC  fully connected

FCN fully convolutional network

FN false negative

FOV field-of-view

FP  false positive

IoT Internet of Things

ML machine learning

NN neural network

RL  Reinforcement Learning



Chapter 1

Introduction

In Bangladesh, number of car ownership is increasing day by day. Due to the narrow
road structure, bad maintenance of traffic system, people do not have information and
are not aware of finding a parking areas. In fact, the number of parking areas are not
increased seeing the increment of car ownership. We tried to focus on these issues to
be our first motivation of building our novel architecture of smart parking system. We
believe our architecture can resolve these kinds of issues in future. Parking in unautho-
rized places creates a chaos and traffic congestion. This creates an irrelevant frustra-
tion among drivers or car owners how and where they park their car. Moreover, we have
seen a wastage of time due to searching and navigating to the parking areas. With the
blessing of IoT, Edge, Cloud, IoT, and ML algorithms can bring a good vibe of solution
among these issues.

IoT is a concept where sensors, cloud, etc. everything is connected altogether. In park-
ing areas sensors are used in mostly collecting the data [3, 4, 5, 6, 7]. Ultrasonic sensors
are very powerful and popular to detect a place whether it is empty or not. A micro
controller is a small chip device that can be used to connect with these sensors to col-
lect data. Arduino or Raspberry Pi is popular known as a micro controller device. These
are very easy to manage and use.

Cloud is the most reliable way to maintain and manage data. In fact, cloud gives us
the security what we need for our data. In terms of Parking system maintaining data
in cloud is important. Cloud provides different kinds of services where we can easily
handle our data in day to day life. Through cloud services it is very easy to integrate
the cloud with the sensor data as cloud itself is well manageable in terms of keeping
those data [10, 11]. Also, cloud provides different Application Programming Interface
(API) and for developers it is easy to integrate the cloud with smartphones. Therefore,
through smartphone users can check parking status. Well there are different protocols
used to transfer data. The use of CoAP and MQTT transfer data among cloud and de-
vices. In paper [15] authors suggest to use CoAP protocol as low cost high performance
to transfer data.

DL is the area of Artificial Intelligence. It changes the paradigm of researches to think
in a differnt way. By using DL we can train our machine to develop the analyticial
capabilities. In Image Processing, Computer Vision, Image analysis, Recognition of
faces, etc. DL is very popular and successful term to apply. Different cloud services
providers develop and provide DL related interface for developers to develop and make
solutions easy and effective.



1.1 Recommender Systems

Popularity of various recommender systems is increasing day by day. People will take
help from this recommender systems to take decision in their day to day life. Most
importantly, it saves a lot of time and make our daily life easier. A recommender sys-
tem can be designed in various ways. Content based recommender systems requires
information about different types of items. For example, content based recommender
system such as a movie genre, actor, director, year, etc. These extracted data is under-
stood by using Natural Language Processing (NLP).

1.1.1 Techniques to build a recommender system

Collaborative Filtering (CF) is a popular method for developing a recommender sys-
tems[1,2,3]. CF takes previous historical data, because one perception that the CF
adopts that user who like some items previous and can like the items now. Explicit
and Implicit are the two types of approaches of the CF recommender systems. Explicit
rating gives access to users to rate to any particular items. It is a direct feedback from
the users. Serendipity is another advantage of CE CF models helps users to discover
new interests where the user may not interest but the model based on similar user
preference suggest the item to users.

The term called data sparsity is considered as a positive element to improve the CF
based models. The main reason is that if we increase number of data the model will
improve gradually. But the questionable relationship exists between the number of
data and user items. The authors in [4] briefly explained the disadvantages of using
data sparsity in CF based models. another disadvantage of CF is that it only considers
users or items only. It often makes it difficult to detect important patterns and recom-
mendation quality drops because of it.

1.1.2 Reinforcement Learning

The popular and ongoing research field of Artificial Intelligence is RL. The major com-
ponents are used in RL is called agent, policy, state, action and reward. The agent takes
action in an environment e.g. atari game. The state changes after each actions of agent.
To maximize the reward is the main goal of RL. For any wrong action, the agent will be
penalized. For stochastic type environment, where the environment is unknown, the
agent will take random actions to reach its goal state. Maximization of reward will pro-
voke agent to take positive action to reach the goal.

1.1.3 RLin recommender systems

RL proves a great advantage where uncertain situations exist a lot. In a parking sys-
tem, some of the uncertain terms are time, distance, security, etc. If we want to ap-
ply CF models here definitely the model will not perform good because the uncertain
cases can not follow previous data. For example, for a car the calculated time between
the source and destination can be changed at any time because of some uncertain
cases such as car can stop suddenly, traffic congestion, etc. So, here if we apply RL ap-
proaches we can handle this uncertain case. To merge the concept of Deep learning
can be an efficient approach to outperform our model better.



1.1.4 DL with RL combination

DL is so vast that it is now integrated with RL for computers to take decisions in more
precisely. We called the term DRL. As we know that RL has many flaws to take deci-
sions but due to DL computer or our machine try to analyse the activity or action take
by it and try to make proper decision. The vision of Artifical Intelligence (Al) is now
gradually developing day by day.

1.1.5 Architecture Selection

To select our architecture we need to identify our problems and approach for that prob-
lems. For RL based problems the architecture can be in different type. Our proposed
architecture will be combined with neural network architecture.

1.1.6 Owur Contributions

We did lot of contributions here:
 To allocate the parking spaces cloud based architecture is proposed
¢ A UI of Android application is proposed
* We implemented CNN and we got accuracy of 98%
e implement Q-learning algorithm to recommend parking places to users

* Anavigation bot is proposed for future works to help users navigating to the park-
ing place.

¢ evaluate Q-learning algorithm which outperform better than the other systems

We have structured our paper in different sections. We have reviewed different existing
models of recommender systems in section 2. We try to focus on both pros and cons
of each existing works and also discuss how recommender system is used in different
domains. Our approach to collect and preprocess the data is discussed in section 3.
Methodology is defined in section 4 where described our proposed architecture. Sec-
tion 5 is about Algorithmic Analysis of our used algorithm. We evaluated our model in
section 6. Conclusion and Future idea will be described in section 7.

1.2 PreliminaryIdea

1.2.1 Elements of Reinforcement Learning

The Environment is the full area where the agent will perform to maximize rewards.
There are 4 main elements of an environment of RL system and they are reward, value
function, agent, policy, and a model.

The agent’s way of learning is defined by the policy. The policy is the core of RL agent
which determine the behavior of the agent. The policy may be a simple function or a
lookup table where in some cases such as search process, it takes extensive computa-
tion. Policies may be stochastic or random possibilities for each action.



Reward signal refers the goal of RL problem. After every step, the agent receives a score
which is called reward. The agent’s main target is to maximize the reward to reach
the goal. Reward signals define both good and bad. If the agent choose a wrong step
in certain episode, it will receive negative reward. Reward signal can be stochastic in
terms of state and action chosen by the agent.

To specify the good for the long run value function specifies this thing. It represents the
total reward where the agent can achieve in future run. In a sense, value determines
the long-term desirability of the states. The relation between rewards and values is
quite similar. Without rewards there can not be any values also without values we can
not determine the performance of choosing the action in along term. The evironment
actions provides rewards and the values is determined by the episodic tasks.

The final element of the RL is the model. Model is something to show the behaviour
of the environment. We used models for experiencing the future situations of envi-
ronment. Model-based methods are used where we generally made a model of the
environment and agent behaviour will be based on our model. Model-free represents
that the agent itself does the trial and error task to learn by itself and it does not depend
on the model.

1.3 Research Methodology

This thesis aims to focus on different flaws on smart parking systems. We have deeply
studied on existing previous works and tried to find the flaws of every system. Our
primary focus was to improve different segments of this parking system. So, first we
focused on how we can allocate the parking places among users. We used Google
Cloud IoT Core and some related services to propose our architecture. After then we
tried to improve the security portion of the license plate. We have made our own data
set in terms of recognizing the plates. We also used MNIST dataset for english license
plate recognition. Lastly our attempt was to make a recommender system to help com-
muters to find a nearby parking area.

1.4 Scope and Limitation

Due to shortage or time and some funding limitations we can not complete our full
prototype for showcasing. We were almost completed phase but again the pandemic
hits badly and our workflow becomes slow again. But we were optimistic to our goals
and finally we can say we are almost at our goal place. There are also different advance
tools that we need to use but due to some shortage of time we could not do that.



Chapter 2

Literature Review and Related Work

The need of recommender system is increased in different Internet of Things (IoT)
architectures. In [1] authors described a smart parking system where they proposed
a navigation based recommendation based on Deep Reinforcement Learning (DRL).
Their primary motivation was to introduce a parking system where the time will saved
in an efficient manner. Inspired by their previous work, authors in [2] introduced a
recommender system using Cloud Computing and Q-Learning.

In [3] authors proposed a server-based recommendation system. The recommenda-
tion works based on the user distance from the destination spot. An efficient use of
K-medoid clustering method and Conditional Random Fields is proposed by the au-
thors. The clustering technique is a good approach to apply here.

A parking algorithm is proposed to recommend a parking area[4]. The authors used
old page rank algorithm based on public information. The parking places are sorted
and recommend the places for parking.

By using the minimum short distance for recommendation the authors in [2] uses the
minimum short distance algorithms. Their proposed system includes booking, navi-
gation and paying bills online. But some uncertain cases the proposed method may
not be working properly.

The authors used K-medoid clustering and Conditional Random Fields to detect user
parking [3]. Their approach is basically a server based system for parking recommen-
dation. Their approach is unique but there is some lacking in clustering method.

In [4] Internet of Things (IoT) based contextualization techniques is used. It is used to
reduce the complexity of data processing. The authors collected data from the sensors
and the data will be contextualized. The server based system is beneficial for parking
recommender system.

In [5] authors focued on mobile communication e.g. GPS, NFC, etc. to propose a park-
ing recommender system. They proposed different types of periodical recommenda-
tions based on different scenarios. The periodical recommendation is effective to re-
duce the parking conflict.

Authors used GPS trajectories to find the parking places where the maximum number
of passengers wait for the taxis. Basically they specified the fixed places and proposed
a recommender system so that the taxi drivers picked up the passengers in a very less
time to maximize the profit. The system is very effective to reduce the cost of wait-
ing time for those taxi drivers and also the ride sharing services can easily adopt this
strategy to increase the benefits of customer service.

In modern cities people use reservation techniques for parking their cars. Authors in



[7] use this strategy to propose a recommender system. They proposed a selection
method to identify the optimal parking lot. The goal of their proposed architecture
was to reduce the waiting time, cost and improve facilities.

Based on the exploiting information of user interaction collaborative filtering is used
to recommend users.

Authors in [10] used wireless sensors to get the data of free parking spaces and using
the Light-Emitting Diode (LED) will be helpful to find the right slot in the indoor park-
ing area. Well using too many LEDs is expensive and in big parking areas is maybe
sometimes trouble to find a place.

In [12] authors used ZigBee based wireless communication system and used GSM for
the notifications of parking spaces. It seems a smart solution but there is a question
arise on how fast the GSM process is. Moreover, they used IR sensors to find a parking
places.

Based on a webpage showing authors in [13] illustrated how they distribute the parking
areas. To check the parking status a notification messege will be sent to smartphones.
Their approach is costly because they proposed two types of sensors in indoor and
outdoor parking areas.

In [13] creators build up a site page to show the vacant spaces of the stopping region in
a constant checking framework. A notice through message will spring up to shows that
the stopping territory is full. They have utilized two sorts of sensors for outside and
indoor stopping zone. Nonetheless, taking information of the parking spots is a decent
methodology than other framework yet to refresh or oversee information to a page is
an excruciating position and utilizing two kinds of sensors will be expensive.

A proposed model [14] utilize some IR sensors and an inserted regulator for ongoing
information assortment where they build up a data set worker to store and update in-
formation of parking spots. They utilize a Direct Current (DC) engine at the passage
door to permit access for the Identity Document (ID) holders. utilizing DC engine to
permit the entrance is a valuable methodology for the security purposes however the
model won't perform well when there are an excessive number of vehicles simultane-
ously.

In [15] the creator proposed an E-Parking framework where the creator utilizes Parking
Meter (PM) with ultrasonic sensors for finding the free parking spot. A LED framework
is utilized to show the stopping territory is saved or not. This framework is useful for
sharing parking spots yet it won't work great to distribute the parking spots.



Chapter 3

Data

Data set Collection for License Plates

We need to identify the license plates. That is why we need huge dataset to identify
the digits properly. the below figures show that we have used MNIST dataset the huge
dataset for digits and characters.
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Figure 3.1: MNIST digit dataset

Bangla dataset for Bangla license plate

We train our network in Bangla dataset to detect bangla license plate which was a big
contribution for recognizing bangla characters. We used Kaggle dataset for Bangla
characters and captured real life data for this project. We have applied Data Augmen-
tation to increase the size of the data.

Information expansion in information investigation are procedures used to expand the
measure of information by including marginally adjusted duplicates of previously ex-
isting information or recently made engineered information from existing informa-
tion. It lessens overfitting when preparing a machine learning.[1] It is clesely identified
with oversampling in information investigation.

The below figures show the CSV and sample dataset used for bangla license plate de-
tection.



label = 4

Figure 3.2: MNIST dataset for numbers

Figure 3.3: Our own dataset for character recognition

Figure 3.4: bangla dataset



Chapter 4

Algorithmic Analysis

The Q-learning agent

Q-learning agent will be designed in a MDP framework. States and Actions of agent is
defined by S and A. The reward function is presented as:

Rea(s,s') = E(rysls; = 8,541 =5, ca; = ca) 4.1)

Transition Probability function as:
P.a(s,s) = Py(s;q41=5'|s;=s,ca; = ca) 4.2)
The Q function for both states and actions Q(s, a) are:
Q(spycar) = Q(sg,car) + ax (r+7y* Q(seyy,car) — Qsg, cay)) (4.3)

Distance, time, cost and security are the main four parameters to train our agent. Pa-
rameters P defined as, (P;,...P;), we can define our following states of the agent:

Srcp = (riCi, Piyeees T'nCny Pn) (4.4)

For goal oriented or e-greedy perception, each positive and negative actions, agent
will receive rewards. Positive sign of each numeric reward is used to define the goal
oriented positive steps. Moreover, negative rewards for each steps, are defined as neg-
ative rewards. We assign positive 10 for every goal oriented positive actions and nega-
tive 10 for the other part. For each state s; and action a;, we can define our algorithm
by the following ways. Alpha ¢ and Gamma vy values for tweak the learning of agent.
The above algorithm is online value function learning where we show how our agent
will change states s; by taking actions a,;. The agent will get both positive or negative
rewards based on the actions taken.



Algorithm 1 Online based function learning

—
- O

Initialization: value function table

REPEAT

sr=current_state();

a; = action(sy);

RECONFIGURATION((a,);

Agent Observe_reward();

Sty1=current_state();

ai.1=get_action(s;y1);

Q(spyar) = Q(sy, ar) + a *(r +7y *Q(St 41, ar) - Qs ar));

St=St4+1, Ar = At415

: UNTIL convergance done

Algorithm 2 Recommeder Performance Controller

1:

e e e e
N TR

18:
19:

for Every time step do
Calculate target seeking command X;scmq
for All map measurements from X4, do
Denormalize measurement
Add margin of safety
Calculate altitude difference Ahopssafe; to aircraft
ifAhObsSufej > (0 then
Add measurement to set of critical measurements .. ;;
end if
end for
for All measurements in .#.;;; do
Calculate local obstacle avoidance vector
end for
Sum over all local avoidance vectors
Transform to global coordinate frame to receive X,,cma
Calculate obstacle avoidance weight w,, based on critical zone weight
Calculate target seeking weight w;s as 1 — wy,
Calculate command vector Xgsacmd = WoaXoaCmd + WesXesCmd
end for

10



Chapter 5

Evaluation & Result Analysis

we passed on the structure in a business constructing free space and directed a cus-
tomer consider suffering a month. The sending crossed two stories in a grounds con-
structing, and incorporated a varying arrangement of spaces including desk areas, work
environments, gathering rooms, and open spaces, for example, lobbies. A couple of
sensors are set up inside the spaces to prompt constant data through Edge Comput-
ing.

5.0.1 Simulation of data processing of Cloud

DynamoDB shows the parking status of the following table.

Table 5.1: Data Table

ID of Sensor SensorID | MsgID | Sts | TimeOfSts | Loc. | Vehicle | ParkingSpot | Other
MKUI2BILIEPIS | $500 | M1200 | Em 22120 1 166 | sUVI EST out
P 1 2511.2020
MKU12BILIEPIS | S500 | M1200 | Em 212120 1 yres | suvI EST On
Pl 2511.2020
MKU12B1L1S S600 | M1400 | Em 212120 1 opee | WST Out
P 2902020

Ultrasonic sensors gather info and sending to the cloud we get all information that we
need. Edge server send the status of parking areas. Greengrass, AWS Kinesis and Data
Analytics for preparation. There are different table entries in the following table. The
name of entries are: ID of Sensor, SensorID, MsgID, Sts, TimeOfSts, Loc., VehicleType,
ParkingSpotNo., OtherInfo. etc.

For example, the first column is the name of Sensor. The other columns are the name
of territory name, status of the sensor, proper time, type of the vehicle, etc. the first
entry is about Uttara area sector 12 where first column East side building number 1.
The info table sends message of the sensor that’s it.

11



Q-learning convergance

Error

0 100000 200000 300000 400000 500000
iteration

Figure 5.1: Convergence between error vs iteration of Q-learning with e-greedy ap-
proach.

5.0.2 Q-learning Convergence with greedy approach

The Q-Learning calculation permits us to gauge the ideal Q work utilizing just direc-
tions from the MDP acquired by following some investigation strategy. Q-learning with
epsilon-insatiable investigation does the accompanying update at time ¢:

5.0.3 epsilon-greedy policy vs soft max policy

The epsilon-avaricious strategy is an uncommon instance of epsilon arrangements. It
picks the best activity with a likelihood and an arbitrary activity with likelihood. There
are two issues with epsilon-avaricious. To start with, when it picks the irregular ac-
tivities, it picks them consistently, including the activities we know are terrible. This
restricts the presentation in preparing and this is terrible for creation conditions. In
this way, when the organization is utilized to assess execution or control a framework,
epsilon ought to be set to zero. On the other side, setting epsilon to zero makes per sec-
ond issue: we are currently just abusing our insight. We quit investigating. On the off
chance that the elements of the framework changes somewhat, our calculation can’t
adjust.

An answer for this issue is to choose irregular activities with probabilities relative to
their present qualities. This is the thing that softmax strategies do.

The underneath diagram shows the presentation timestrap during roundabout errands
to give disadvantage yields. The yellow line characterizes the superior and the red im-
print is the benchmark or moderate execution than the current models, for example,
bunching, bi-grouping and so forth The realtime estimations

are appeared in blue, and the reproduced estimations are appeared

in orange.

5.0.4 Agent Performance

An answer for this issue is to choose irregular activities with probabilities relative to
their present qualities. This is the thing that softmax strategies do.

12



Figure 5.2: performance after episodic tasks of the agent bot during the traversal from
one node to different connected nodes. Comparison of episodic tasks data with simu-
lated normal operation, simulated relaxed operation, and simulation state.

The underneath diagram shows the presentation timestrap during roundabout errands
to give disadvantage yields. The yellow line characterizes the superior and the red im-
print is the benchmark or moderate execution than the current models, for example,
bunching, bi-grouping and so forth The realtime estimations

are appeared in blue, and the reproduced estimations are appeared

in orange.

5.0.5 User case study performance

The performance of Q-learning agent is notable in terms of taking decisions. Well,
sometimes it is time consuming as the graph appears that it takes some more time in
terms of decision but still it is efficient in taking decisions. The parameters is learned
very well by our agent that is why it performs good.

Table 5.2: Comparison Table

Criterias Agent CF

Areas(Parking) 20 20

Requests per min 10 10

GPS Yes No

Free Spaces 20 20
Approach to Solution | both | exploit only

The performance of Q-learning agent is notable in terms of taking decisions. Well,
sometimes it is time consuming as the graph appears that it takes some more time in
terms of decision but still it is efficient in taking decisions. The parameters is learned
very well by our agent that is why it performs good.

13



Figure 5.3: The waiting time of Q agent vs CF based recommendation

5.0.6 Accepted Recommendations

We calculated the accepted responses from our parameters calculations and then try
to visualize the responses over time. The below graph shows the accepted and rejected
responses.

Figure 5.4: Accepted and Rejected Recommendations

Training Phase

We will talk about a portion of the measurements to assess our boundaries. Indeed,
we proposed our custom test system like finding the way in the labyrinth for example
ideal way finding the labyrinth climate. A portion of the significant measurement are:
Score, cost, e-eager qualities and e-insatiable/arbitrary.

Score characterizes the presentation of the specialist, First 100 scenes the exhibition of
way discovering labyrinth is poor as the operator isn't appropriately taken in the qual-
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ities and its presentation is more awful than the irregular investigation done during
preparing.

The expense is fundamentally alludes to the preparation cost of the calculation. After
scene 10 the preparation stage begins and before that answer memory is develop by
DQN. We utilized pre prepared organization, with the goal that our organization don’t
prepare neural organization during assessment.

Table 5.3: Evaluation Table

Metric Values
Epochs 100
test steps 4ed
repeats 5
environment custom
Algorithms | Q, DQN, A3C

The choice of picking the Q learning or Deep Q learning relies upon our usable bound-
aries. For test approach the Q execution is fine as our utilized questionable cases are
low yet for bigger situation the calculation measurements will be bigger.

Figure 5.5: decision taking over episodic tasks

5.1 Research Overview

DL is now being used in every aspect from day to day problem to specific needs of
people DL methods can be adapted. This is also seen in terms of the semantic image
segmentation problem where many new DL algorithms based on previous ones for
more accuracy, faster convergence and lower processing power are coming out. Sys-
tem implementers now have a huge array of options from these DL methodologies to
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Figure 5.6: Path selected by Q learning agent and SARSA agent

use in their specific solutions.

DL now has come a long way to go much deeper tackling vanishing gradient problems
and making much more complex, deeper NN’s possible. However the major problems
with NN'’s still remain, particularly CNN training becomes pretty much useless if there
is no GPU or dedicated parallel processors available.

5.2 Recommendation and Future Work

Our proposed framework can allocate free parking spaces among users where through
an Android UI application commuters able to see and check the parking status. This
thing is very much essential for a parking system. Then, we try to ensure security for
the parking system. Using license plate recognition system people can easily booked
the parking place and get verified using the system. using DNN will ensure accuracy
in terms of license plate detection and recognition of the users. Finally, we come to a
solution of recommending a parking places. The number of parking areas can be high,
but a recommender system can be essential for these kinds of scenarios where lots of
requests come altogether and people do not know what and where to find a car. By
using RL we can tackle the uncertain cases in a parking system and make an efficient
parking recommender system.

Our future plan is to reduce the number of sensors. We try to catch real life scenario
based parking spaces. We will utilize the security camera to identify the free parking
places in a real life scenario. We will apply more advanced NN algorithms to detect
license plates. To improve our RL algorithm we need to integrate the DL with our RL
algorithms. Then the overall prototype will be a good demonstration for making a bet-
ter parking system.
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