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Abstract 

Traffic congestion in metropolitan centers has become a critical concern as a result of rising 
population density and competition for limited parking spaces. This forces city leaders to 
look for a solution through the use of technology, particularly computer science. Artificial 
Intelligence (AI) and Machine Learning (ML) are important in this regard. For example, ML 
and Deep Learning (DL) can be used to anticipate parking space occupancy or availability 
based on historical behavior. 

To address this issue, a study was conducted to apply ML algorithms to anticipate parking 
occupancy rates. Parking dataset was collected in a period of one year from the City of 
Melbourne in Australia. Various machine learning methods were used in this master's thesis 
to forecast parking occupancy rates. We investigated SARIMA, CNN, LSTM, GRU, as well 
as WaveNet and autoregressive RNN models, all of which have good accuracy in time 
series estimation. 

Furthermore, RMSE, MAE and MAPE, which are the most popular error measures used in 
time series forecasting, were used to compare the strengths of the models. Deep learning-
based algorithms such as WaveNet and LSTM outperformed traditional-based algorithms 
such as the Seasonal ARIMA model, according to empirical evidence. However, compared 
to all other candidates, the new WaveNet model achieved the best result not only in learning 
time but also in prediction time.  
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Kurzfassung 

 

Verkehrsstaus in Großstädten sind aufgrund der zunehmenden Bevölkerungsdichte und 
der Konkurrenz um begrenzte Parkplätze zu einem kritischen Problem geworden. Dies 
zwingt die Verantwortlichen in den Städten dazu, nach einer Lösung durch den Einsatz von 
Technologie, insbesondere der Informatik, zu suchen. Künstliche Intelligenz (KI) und 
maschinelles Lernen (ML) sind in diesem Zusammenhang wichtig. ML und Deep Learning 
(DL) können beispielsweise eingesetzt werden, um die Belegung oder Verfügbarkeit von 
Parkplätzen auf der Grundlage historischer Verhaltensweisen vorherzusehen.  

Um dieses Problem anzugehen, wurde eine Studie durchgeführt, um ML-Algorithmen zur 
Vorhersage der Parkplatzbelegung anzuwenden. Parkdaten wurden über einen Zeitraum 
von einem Jahr von der Stadt Melbourne in Australien gesammelt. In dieser Masterarbeit 
wurden verschiedene Methoden des maschinellen Lernens zur Vorhersage der 
Parkplatzbelegung eingesetzt. Wir untersuchten SARIMA, CNN, LSTM, GRU sowie 
WaveNet und autoregressive RNN-Modelle, welche alle eine gute Genauigkeit bei der 
Schätzung von Zeitreihen aufweisen.  

Darüber hinaus wurden RMSE, MAE und MAPE, die gängigsten Fehlermaße für 
Zeitreihenprognosen, zum Vergleich der Stärken der Modelle verwendet. Algorithmen, die 
auf Deep Learning basieren, wie WaveNet und LSTM, übertrafen den empirischen 
Erkenntnissen zufolge herkömmliche Algorithmen, wie das saisonale ARIMA-Modell. Im 
Vergleich zu allen anderen Kandidaten erzielte das neue WaveNet-Modell jedoch nicht nur 
bei der Lernzeit, sondern auch bei der Vorhersagezeit das beste Ergebnis. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

Omidreza Nazifi Jafarabadi  vi 

 

 



 

Omidreza Nazifi Jafarabadi  vii 

List of Abbreviations 

 

ACF  Autocorrelation Function 

AIC  Akaike Information Criterion 

ANN  Artificial Neural Network 

ARIMA  Autoregressive Integrated Moving Average 

ARMA  Autoregressive Moving Average 

BIC  Bayesian Information Criterion 

CNN  Convolutional Neural Network 

DCNN  Dilated Convolutional Neural Networks 

DL  Deep Learning 

DNN  Deep Neural Network 

GRU   Gated Recurrent Unit 

HQIC  Hannan-Quinn Information Criterion 

IoT  Internet of Things 

LSTM  Long Short-Term Memory 

MAE  Mean Absolute Error 

MAPE  Mean Absolute Percentage Error 

MSE  Mean Squared Error 

PACF  Partial Autocorrelation Function 

RMSE  Root Mean Square Error 

RNN  Recurrent Neural Network 

SARIMA  Seasonal Autoregressive Integrated Moving Average 

SARIMAX  Seasonal Autoregressive Integrated Moving Average with eXogenous 
variables 

 



 

Omidreza Nazifi Jafarabadi  viii 

Key Terms 

 

Artificial Intelligence 

Deep Learning 

Forecasting Model 

Machine Learning 

Neural Networks 

Parking Occupancy Prediction 

Time Series 



 

Omidreza Nazifi Jafarabadi  ix 

Table of content 

 

 

ABSTRACT ........................................................................................... IV 

KURZFASSUNG ...................................................................................... V 

LIST OF ABBREVIATIONS ....................................................................... VII 

KEY TERMS ......................................................................................... VIII 

TABLE OF CONTENT .............................................................................. IX 

1. INTRODUCTION .............................................................................. 11 

1.1 Statement of the Problem ...................................................................... 11 

1.2 Background and Need ............................................................................ 11 

1.3 Purpose of the Study .............................................................................. 12 

1.4 Research Questions ............................................................................... 12 

1.5 Thesis Structure ..................................................................................... 13 

2. THEORETICAL BACKGROUND ........................................................... 14 

2.1 Time Series ............................................................................................. 14 

2.2 Machine Learning ................................................................................... 15 

2.3 Classica Statistical Methods ................................................................. 17 

2.4 Artificial Neural Networks and Deep Learning ..................................... 18 

2.4.1 Convolutional Neural Network......................................................... 19 

2.4.2 Recurrent Neural Network .............................................................. 20 

2.4.3 WaveNet ......................................................................................... 21 

2.5 Performance Metrics .............................................................................. 22 

2.5.1 Mean Absolute Error (MAE) ............................................................ 22 

2.5.2 Mean Squared Error (MSE) ............................................................ 22 

2.5.3 Root Mean Squared Error (RMSE) ................................................. 23 

2.5.4 Mean Absolute Percentage Error (MAPE) ...................................... 23 

2.6 Review of the Literature ......................................................................... 23 

3. EXPERIMENTS ................................................................................ 26 

3.1 Requirements .......................................................................................... 26 



 

Omidreza Nazifi Jafarabadi  x 

3.2 Dataset and Analysis .............................................................................. 26 

3.3 Preprocessing steps .............................................................................. 28 

3.3.1 Data Cleaning ................................................................................. 29 

3.3.2 Data Reduction and Transformation ............................................... 32 

3.3.3 Data Visualization ........................................................................... 33 

3.4 Forecasting Models ................................................................................ 36 

3.4.1 Important Technical Items ............................................................... 36 

3.4.2 Seasonal ARIMA (SARIMA)............................................................ 39 

3.4.3 CNN ................................................................................................ 40 

3.4.4 LSTM .............................................................................................. 41 

3.4.5 GRU ................................................................................................ 43 

3.4.6 Autoregressive LSTM ..................................................................... 44 

3.4.7 Dilated Convolutional Neural Networks: WaveNet .......................... 45 

4. RESULTS AND DISCUSSION ............................................................. 47 

4.1 Summary ................................................................................................. 47 

4.2 Comparison of Forecasting Models ...................................................... 47 

4.3 Limitation ................................................................................................ 51 

5. CONCLUSIONS AND FUTURE WORK ................................................. 52 

BIBLIOGRAPHY .................................................................................... 53 

LIST OF FIGURES ................................................................................. 56 

LIST OF TABLES ................................................................................... 57 

LIST OF CODE SNIPPETS ....................................................................... 58 

APPENDIX A: DATA TRANSFORMATION .................................................. 59 

APPENDIX B: DATA WINDOWING ........................................................... 60 

APPENDIX C: AUTOREGRESSIVE-RNN MODEL ....................................... 62 



 

Omidreza Nazifi Jafarabadi  11 

1. Introduction 

1.1 Statement of the Problem 

Due to the availability of parking for citizens, one of the most essential subjects, particularly 
in metropolises, is managing parking lots. Nowadays, obtaining a free parking place in major 
cities and high-traffic regions is time-consuming and discouraging. According to a BPA 
survey, the average amount of time spent by motorists in the UK looking for parking is 5.9 
minutes. This equates to a total of 90.5 hours, or four days, over the course of the year [1]. 
According to the same study, 39 percent drivers feel that obtaining a parking spot is a 
stressful experience. A comparable situation can be found in Austria, which is known as a 
commuter country. Based on report of [2], more than 2.2 million people commute to work 
every day, 260,000 of whom drive to Vienna and back every day. This is the outcome of a 
study conducted by Statistics Austria. Approximately 85 percent of commuters travel by car. 
As a result, finding parking space in Vienna is difficult. Consequently, those who live and 
work in Vienna are inconvenienced by a lack of parking twice a day: in the morning when 
hunting for a parking space near the office, and in the evening when approaching the front 
door. 

This issue is coupled with substantial expenses for municipal and citizen management. 
According to INRIX study, the UK, US, and Germany alone levied £30 billion, $96 billion, 
and €45 billion, respectively [3]. The increase in traffic congestion caused by cars seeking 
for a free parking place in the city has a significant impact on people's quality of life. It not 
only wastes time and stress, but it also wastes fuel and, most significantly, pollutes the 
environment. This problem generally costs more than $345 each driver [4]. 

1.2 Background and Need 

Today, cities are facing rapid population growth. According to the UN Department of 
Economic and Social Affairs, the urban population was 55 percent in 2018 and is predicted 
to rise to 68 percent by 2050 [5]. There are several reasons for population growth and 
crowding of people towards large municipalities, among which the economic situation has 
a significant impact on population growth [6]. As cities become more densely populated, 
governments are turning to smart cities to manage infrastructure and resources. A city 
which meets the criteria for “Smart Cities” is one that combines cutting-edge technology 
and improved connection to better the lives of its residents. Juan Enrique Ricart, in the IESE 
Business School report defines the smart city as follows: 

“a truly smart city is one that has as its goal improving the quality of life of its residents, 
which means ensuring economic, social and environmental sustainability.” [7] 

To become smart, large cities face numerous problems. To solve their problems in an 
innovative way, they must first understand their demands based on accessible data so that 
they may apply the finest technology [8]. Artificial intelligence (AI) and data analytics are 
heavily used in applications for “smart cities” that employ huge volumes of data collected 
by sensors put in metropolitan areas and data supplied everyday by residents [8].  



 

Omidreza Nazifi Jafarabadi  12 

The Internet of Things (IoT) is the perfect fit for a Smart City. The IoT is a collective term for 
technologies of a global infrastructure of information societies that allow physical and virtual 
things to be networked with one other and function together via information and 
communication technologies [9]. This includes thousands of sensors, actuators, and 
devices that are all linked and transfer crucial information for diversified usage.  

Smart cities are outfitted with sensors and actuators to capture massive amounts of data 
for data mining and analysis. To improve the quality and quantity of smart cities, several 
objectives can be pursued. For example, predicting system behavior or estimating the future 
needs of the target community. Artificial intelligence and machine learning are one of the 
most important topics in this area, which can be extremely helpful in achieving these goals. 
Consider a city that leverages these technologies to make parking lots smarter, allowing 
cars to know which parking places are available and even allowing them to book them. The 
impact of AI in lowering urban costs and environmental consequences must be enormous. 

1.3 Purpose of the Study 

Parking lot occupancy forecasting is becoming increasingly crucial. As a result, urban 
management can use this information to improve planning in line with the growth of urban 
lifestyles, as well as to promote and reinforce new techniques in urban policy. It also reduces 
the problems caused by the search for a parking space by urban residents.  

The aim of this thesis is processing and carefully analyzing the detailed data collected in 
2019 from the city of Melbourne and forecasting the occupancy rate of on-street parking 
lots. In this study, we investigated various machine learning algorithms to choose which 
ones were most applicable to our case. Primarily, we selected a classic model SARIMA, an 
autoregressive model, which has been widely used in statistics and econometrics and 
especially in time series analysis. Then, we employed some Deep learning (DL) models 
such as CNN, LSTM and GRU, which are strongly recommended for long sequences. 
Finally, we employed two autoregressive deep models, WaveNet (a dilated convolutional 
neural network) and RNN-Autoregressive. We also assessed their performance using 
prominent measures like Mean Absolute Error (MAE), Root Mean Squared Error (RMSE), 
and Mean Absolute Percentage Error (MAPE). 

1.4 Research Questions 

The main question of this research is how to analyze and preprocess a time series dataset, 
train it with different models that have been successfully used before in different data 
samples, then and predict the occupancy of parking spaces at a specific location and time. 
By addressing the following questions, we can gain an appropriate answer to the research 
issue: Analysis questions: 

o When exactly is the busiest hour/day/week? 

o In which way can the rush hours be detected? 

• Preprocessing questions: 
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o How can we transform a dataset to desirable one that fulfills our forecasting 
objectives? 

o Whether there are seasonal changes or anomalies in a certain date and 
time? 

• Forecasting questions: 

o Is there a DL algorithm appropriate for training and forecasting time series 
datasets? Or are statistical algorithms like autoregressive models always 
eligible? 

1.5 Thesis Structure 

The outline of this master thesis is as follows. Chapter 2 offers a theoretical background 
into the subjects of 'Time Series Forecasting', 'Machine Learning', 'Artificial Neural Networks 
and Deep Learning', and 'Performance Metrics'. In this chapter, previous scientific 
approaches to issues like those discussed in this study are also presented. Chapter 3 
examines the structure of the dataset in more detail, explains the preprocessing steps, and 
formulates the models under consideration. Chapter 4 compares the performance 
measures, addresses the research questions, and discusses the distinct phases of the 
project in detail. In chapter 5, the conclusion to the thesis is provided, and suggestions for 
further investigation are made. 
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2. Theoretical background 

This section begins with a review of time series, machine learning, deep learning, and 
performance metrics concepts. This chapter gives a theoretical foundation for 
understanding the technical principles of the master's thesis. 

2.1 Time Series  

A time series is a series of consecutive observations in a period, so that they have a time 
order in relation to each other [10] [11]. These observations can be either continuous or 
discontinuous in nature. Using P. J. Brockwell and R. A. Davis' definition, Continuous time 
series is defined as observations that are measured continuously throughout time intervals. 
However, if they are seen at regular intervals, they are referred to as discrete time series 
[11]. The following are the ways to acquire discrete time series from a continuous one [10]: 

• Sampling: It entails picking observations from a time series at regular intervals. 
Values are disregarded between samples in this approach. As a result, depending 
on the requirements, the time interval should be chosen with consideration (e.g., 
how many parking places are utilized hourly?). 

• By the aggregation of values at equal intervals of a continuous time series (e.g., 
total parking events per month). Temporal aggregation occurs when data is 
aggregated across time. When it is added up across series, it is referred to as 
contemporaneous aggregation. 

Time series analysis investigates the evolution of values through time. It is a process that 
uses graphical methods to accurately describe data statistically and to create an appropriate 
model. One of the responsibilities of time series analysis is the forecasting of the future path 
of the series based on the previous values, in addition to the examination of historical data 
and their affecting elements. Time series frequently follow similar course patterns, which 
may be linked to certain influencing elements that have the same effect. These patterns can 
often be divided into certain components, into which the time series can be decomposed. 
The most important components are [10]: 

• Trend component showing an increasing or decreasing behavior in the series over 
time. 

• Seasonal component considers cyclical fluctuations that occur within a year. For 
example, sales of ice cream increase due to increasing temperatures in summer. 

• Other cyclical component considers regular fluctuations with a period other than 
one year. The cause of these cyclical fluctuations is the succession of periods of 
strong and less strong economic activity. 

• Irregular fluctuations include all fluctuations not covered by the above 
components. These can be, for example, sudden weather fluctuations or survey 
errors. 
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In the next section, we will explain some crucial topics that will help us better comprehend 
and evaluate the time series. These are clearly explained in C. Chatfield's “Time-Series 
Forecasting” [10]. 

• Stationary vs. Non-Stationary: In statistics, A stationary time series has 
characteristics that are unaffected by the passage of time. In other words, its mean, 
covariance, and autocorrelation structure do not change over time. 

• Univariate and Multivariate Time Series: A univariate time series consists of 
single observation at time t that is only based on the present and past of the variable 
itself, while multivariate time series is effective based on several time-dependent 
variables, each of which is reliant on a number of other factors in addition to previous 
values. i.e., a forecast that depends on several other time series. 

2.2 Machine Learning 

A type of programming science that gives a program the ability to learn from data is called 
machine learning (ML). With the help of ML, algorithms can be trained to identify correlations 
and recognize patterns. ML enables systems to learn automatically from experience [12]. 
F. Chollet poses an interesting question about whether a computer can perform a task 
without being instructed by humans. In other words, rather than having programmers 
specify every rule, the computer learns these rules on its own through data monitoring [13]. 

For example, to guide a chatbot or personal assistant app, we would prepare a list of 
frequently used questions or sentences and for each specific question, we will choose a 
suitable answer. However, the drawback to this strategy is that customers do not always 
ask the same questions. Hence, it can be beneficial to list similar sentences. Furthermore, 
to improve this system, we can create a database of synonyms, and a table outlining the 
terms connected to one another, and then assign a weight to each group of words. For this, 
we must extract the most frequently used words from each statement the customer enters 
before searching the database for their correlations. Undoubtedly, if the programmer were 
to step in during each of these stages, the result would be an extremely complex program 
with slow execution that would be challenging to maintain. On the other hand, the program 
can recognize text patterns based on data, learn them, and use them by utilizing ML 
approaches (see Figure 2-1). In the future, the learning process will be conducted 
automatically, and new patterns will be discovered, by modifying the patterns once more by 
the system or the user [12]. 

 

Figure 2-1 Traditional vs. Machine Learning Approach [12] 

ML can be applied in various fields, e.g., for the prediction of future values, post diction 
missing values from the past, calculation of probabilities, as well as identification of groups 
(e.g., detection of spam emails). 
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In order for the machine learning model to discover patterns, it must first be trained. Training 
data is provided to the machine learning algorithm. The system then looks for patterns and 
correlations in the data. A safe model is accessible once the training process is completed. 
The machine learning model is then used to examine and assess fresh or unknown data. 

Machine learning relies heavily on algorithms. They are in charge of spotting patterns and 
developing solutions and are classified into various learning categories. In “Hands-On 
Machine Learning using...”, A. Géron neatly categorized them into main groups [12, p. 29]. 
These are briefly described below. 

• They can be classified according to whether human supervision is involved in their 
learning.  

o Supervised learning is a machine learning technique in which the machine 
learning algorithm is given a data set that already contains the target 
variable, called label. The algorithm learns relationships and dependencies 
in the data that explain these target variables. After training, it evaluates the 
quality of predictions and then applies the trained model to unknown data to 
make predictions and predictions. A collection of medical photographs of 
human organs or cells that are labeled as benign or malignant, for instance. 

o Unsupervised learning is a machine learning method in which the algorithm 
learns to discover patterns and relationships in data in an exploratory 
manner without supervision. The input data in this case is unlabeled and 
without a predefined target variable, implying that the desired output data is 
not predefined. 

o Semi-supervised learning uses both sample data with concrete goal 
variables and unlabeled data, resulting in a hybrid of supervised and 
unsupervised learning, with unlabeled samples being more prevalent and 
labeled samples being scarce. Semi-supervised learning applications are 
essentially the same as supervised learning applications. 

o A unique type of machine learning is Reinforcement learning. These 
algorithms interact with the environment and are evaluated by a cost function 
or reward system to independently learn a strategy to solve the problem and 
maximize the reward. 

o Active learning, like semi-supervised learning, is utilized when there are few 
labeled samples and labeling them all would be costly. The main difference 
is that the learner interacts with the human expert and instead of randomly 
selecting the data, each time the selected samples are answered by the 
algorithm itself for labeling [14]. 

• According on how they learn new data  

o Batch learning, also called offline learning, can learn all at once rather than 
gradually. This means that first the machine is trained with all the available 
data, then the prediction starts. While in online learning, data samples are 
fed to the system sequentially to train it. In this case, the system can continue 
to work without stopping by entering new data samples. 
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Figure 2-2 In online learning, a trained model is deployed, and when fresh data is received, it continues to learn [12]. 

• Based on the working method 

o Instance-based learning compares new data points to known data points. 
Model-based learning finds patterns in the training data and creates a 
prediction model. 

2.3 Classica Statistical Methods 

Some common statistical methods for time series forecasting are covered in this section. 
These statistical methods are concerned with linear correlations. However, they work well 
for a variety of issues, including complicated ones. ARIMA models, one of the most 
prevalent methods for predicting time series, are presented in detail here, along with its 
extension [10]. 

Autoregressive integrated moving average, or ARIMA is combination of both 
Autoregression (AR) and Moving Average (MA) models, as well as establishment of 
stationarity by differentiation and integration (I). The AR denotes that the next value in a 
time series is regressed on its lag time steps in the same time series. Furthermore, the MA 
denotes that the next value from a time series is treated as a linear function of the residual 
errors of the average past performance. When the two AR and MA models are combined, 
a new linear model called ARMA is developed, which benefits from the advantages of both 
models [15] [10, pp. 43-52]. 

The models defined previously are used in stationary time series analysis. Since the 
majority of time series are non-stationary, eliminating the non-stationary causes of variance 
is essential for fitting stationary models. 

Hence, the ARIMA model can also be used to analyze and describe time series that follow 
a trend. In cases where trend or seasonal components are present in univariate time series, 
seasonal ARIMA can be an appropriate method [15]. Specifically, modeling the future time 
step based on previous differenced observations, errors, differenced seasonal 
observations, and seasonal errors. 
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2.4 Artificial Neural Networks and Deep Learning 

Artificial Neural Networks (ANN) are algorithms that are modeled on the human brain. 
Computers are now able to manage complicated problems from the domains of statistics, 
computer science, and economics thanks to this abstract concept of interconnected artificial 
neurons. Neural networks are a very active field of research and are considered the basis 
for artificial intelligence [12]. It is possible to utilize neural networks to evaluate a variety of 
data sources, including images, audio, texts, tables, and time series, and to extract patterns 
or knowledge to apply to unknowable data. On this basis, future projections based on data 
can be formed. 

ANNs can be conceptualized as follows: The neural network model is made up of nodes, 
also known as neurons, that receive input from other neurons or from the outside world, 
modify it, and then output it. This is done via three different layers, to each of which a type 
of neuron can be assigned [16]. These layers include: 

• Input layer is in charge of accepting data that have typically been standardized by 
activation functions beforehand. 

• Hidden layers that so-called hidden neurons or intermediate, or invisible layers. 
Neurons in these levels are in charge of determining patterns associated with the 
system or process being studied. The majority of a network's internal processing is 
conducted by these tiers. 

• Output layer oversees creating and displaying the final network outputs that arise 
from the processing conducted by the neurons in the preceding levels.  

Figure 2-3 demonstrates construction of ANN with three different layers. 

 

Figure 2-3 Construction of an ANN with two hidden layers [16] 

A simple artificial neural network consists of an input layer, a hidden layer, and an output 
layer. In any case, deep learning refers to models with several hidden layers, also called 
Deep Neural Networks (DNNs) [12]. 

Deep learning models use different algorithms. As no network is regarded to be perfect, 
certain of these strategies are better suited to specific tasks. In the following sections, a 
couple of these algorithms that are relevant to this case are discussed for a better 
understanding. 
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2.4.1 Convolutional Neural Network 

A Convolutional Neural Network (CNN) is a feed-forward neural network that has been used 
for image recognition since the 1980s. As processing power expanded, it became practical 
to employ to use a vast quantity of data for training, and improved performance allowed this 
model to be used for additional purposes such as voice recognition and natural language 
processing [12]. To find and categorize items in an image, a CNN is employed. Every image 
is therefore represented as an array of pixel values (see Figure 2-4). 

 

Figure 2-4 Display an image as an array of pixel values [17] 

 

A CNN includes several hidden layers that aid in the extraction of information from images. 
According to A. Biswal's “Convolutional Neural Network Tutorial,” the following layers have 
been discussed in the field of DL [17]. 

• The convolution layer can recognize and extract individual features in the input data. 
These elements in image processing might be lines, edges, or particular forms. A 
convolution layer has several filters that perform convolution operations to reduce 
the image size. Processing of input data is done in the form of a matrix. Matrices 
with defined size (width x height x channel) are used. 

• ReLU layer stands for the rectified linear unit. After extracting feature maps, the 
ReLU layer is used to correct all negative pixels to 0 (Rectification of the feature 
map). 

• The pooling layer, also known as the subsampling layer, compresses and decreases 
the detected features' resolution. Pooling discards unnecessary information and 
decreases the amount of data by using strategies such as mean pooling or 
maximum pooling.  

• Flatten layer is the layer in which the multidimensional layer from the convolutions 
is transformed into a one-dimensional vector. 
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Figure 2-5 Typical CNN architecture [17] 

2.4.2 Recurrent Neural Network 

Unlike feedforward neural networks, Recurrent Neural Network (RNN) is a backward neural 
network. They are employed with time series and sequential data when the prior data point 
effects the present one. There is at least one feedback layer in these networks. Hence, 
recurrent neurons receive for every time step t not only its input x(t) but also output y(t-1) of 
the prior time step [12]. 

As described in [12], RNNs may encounter two issues when performing considerable time 
series or sequences. When an RNN attempts to train on extended sequences, the training 
may become unstable due to the gradient problem (vanishing gradients). Due to the 
extensive interconnections of the RNN and the slightly modified form of the backpropagation 
algorithm used to it, the likelihood of these difficulties occurring is significantly higher than 
in standard feedforward networks that may suffer from the unstable gradient's problem. 
Furthermore, because it must process successive sequences, an RNN may forget the first 
processed inputs. 

Long Short-Term Memory (LSTM) 

Because of the limitations stated for standard RNNs, a new type of RNN, called LSTM 
model, has emerged. These are specifically designed to incorporate contexts across a 
longer time period into the calculation. The fundamental difference between RNNs and 
traditional RNNs is the so-called cell. Essentially, this is where vital information is kept that 
must be kept at all costs. Various gates are utilized to carefully determine which data is 
permitted to “enter” or must escape the cell's specified circle. This explains why LSTM have 
been so successful at detecting long-term patterns in time series, lengthy texts, audio 
recordings, and other types of data [12]. 

Gated Recurrent Unit (GRU) 

GRU is a simplified form of LSTM. A GRU has a so-called update gate and a reset gate. 
With the help of these two vectors, they solve the problem of vanishing gradients. Both 
gates have the ability to manage data flow by determining which data is sent to the output. 
Information from a longer period of time can also be considered. The update gate selects 
which information from the past is significant for the future and must be transmitted. The 
reset gate determines which data can be ignored [12]. 
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Compared to each other, LSTM creates a kind of long short-term memory using three gates 
(input, output, and forget). GRU requires only two gates (update and reset). GRUs have 
fewer parameters and require less computation and memory. GRU is a recent approach 
that was invented in 2014. LSTM was first introduced in 1997. GRU is considered more 
powerful and faster especially for smaller datasets. LSTM shows its advantages for larger 
datasets with longer sequences. The cell architecture of both models is shown in Figure 
2-6. 

 

Figure 2-6 The architecture of GRU cell (left) and LSTM cell (right) [12] 

2.4.3 WaveNet 

DeepMind, a Google subsidiary, has introduced WaveNet, a new text-to-speech (TTS) 
system based on machine learning. Instead of using predetermined parameters, the 
WaveNet system use neural networks to query vast datasets of human speech to learn how 
individuals speak on their own. The neural network determines the basic structure of 
speech, differentiates between different sounds, and determines which sound is more 
lifelike. Finally, it synthesizes one sound pattern at a time, resulting in a sound with a lifelike 
tone and features such as lip noises. The WaveNet model is applicable not only to sound, 
but also to other time series prediction issues. This is since it employs an outstanding 
structure to obtain long-term dependencies with few parameters. 

WaveNet's core structure consists of stacking 1D convolutional layers on top of each other 
with their dilation factor doubled. In Figure 2-7, the data from each time interval is injected 
into each neuron by the lowest input layer. Conv1D (1) is a one-dimensional convolutional 
layer with a decay rate of one and a structure in which the dilation factor doubles towards 
the top layer. Figure 2-7 only displays a structure with a dilation factor of 8, but it is also 
possible to overlay a Conv1D layer with a dilation factor of 16, 32, or 64. It is also possible 
to repeatedly overlap the visible structure. [18]. 
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Figure 2-7 Structure of WaveNet [18] 

2.5 Performance Metrics 

Time series prediction performance metrics provide an overview of the forecast model's 
ability to make forecasts. There are several performance measures to choose from. It may 
be tough to determine which metric to use and how to interpret the data. 

2.5.1 Mean Absolute Error (MAE) 

This is computed by averaging the absolute difference between projected and actual values. 
Where xi and yi represents the actual value and the expected value, respectively (Shown 
below formula). The total number of values in the test set is represented by the letter n. 

 

The closer the MAE is to zero, the closer our prediction accuracy is to reality [19]. 

2.5.2 Mean Squared Error (MSE) 

The mean square error (MSE) is defined as the average of the error squares that is also 
referred to assess the quality of a predictor. MSE additionally considers bias and variance. 
Bias means difference between actual and predicted values and variance is difference 
between predictions. 

 

As seen in the formula above, are represented y as the true value, y’ as the anticipated 
value and n as the total number of values in the test set. MSE is nearly always positive, with 
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lower values preferred. Because of the square term, this metric punishes huge errors or 
aberrations more than minor errors [19]. 

2.5.3 Root Mean Squared Error (RMSE) 

A square root of the mean square error is used as a metric that extends MSE. Like MSE, y 
represents the actual value, y' represents the projected value and n indicates the number 
of values in the test set as a whole. This metric, like MSE, punishes larger errors more 
severely. 

 

Similarly, the result of this criterion is usually a positive number, and the lower this value, 
the better the accuracy of the predictor. This strategy has the advantage of having the 
RMSE number in the same unit as the anticipated value. This makes it easier to understand 
when compared to MSE [19]. 

2.5.4 Mean Absolute Percentage Error (MAPE) 

It is defined as average absolute difference between actual and predicted values divided by 
the actual value. The actual value is At, but the expected value is Ft. The total number of 
values in the test set is indicated with integer n. 

 

Because of the in-denominator, it gets best with data that does not contain zeros and 
extreme values. i.e., If number is extremely little or extremely large, it takes an extreme 
value [19]. 

2.6 Review of the Literature 

Previous studies have emphasized that in the past years, many studies and research have 
been done on big data related to parking lots, which may reach a decade. The importance 
of this issue is clearly visible in the context of smart cities. As in works [20] [21] [22] [23], it 
was focused on the data of smart cities such as Melbourne, Kansas City and Helsinki and 
San Francisco. 

In [20], the authors studied on parking occupancy with the help of dataset collected by the 
City of Birmingham. They employed different forecasting strategies such as K-Means 
Clustering, Polynomial Fitting, KM Polynomials, Fourier Series, Shift & Phase, and Time 
Series. The mentioned predictors are chosen due to their simplicity, ease of implementation 
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and limited parameters. They also used Cross-validation improve the training process as 
well as MSE in order to determine the accuracy of the forecasts provided. 

In addition, they demonstrated a website prototype that displayed historical and current 
parking data on a map, allowing users to view occupancy rates up to a day in advance.  

One of the differences between this work and our thesis is the way the data set is stored. 
The parking lots in Birmingham are updated every half hour. In other words, the parking lot 
occupancy rate was transmitted every half hour. This means that the Birmingham dataset 
is a discrete time series, while the Melbourne data is event driven. The fact that we focus 
more on neural network models is another difference in our work. 

In some articles, researchers have worked on the data of two different cities and compared 
their forecasting methods on both. For instance, in paper [21], Zheng et al. studied two 
different datasets that has been collected and disseminated by the City of San Francisco, 
USA and the City of Melbourne, Australia. Here, to demonstrate the usefulness of these 
characteristics, the authors provided a prediction technique for the parking occupancy rate 
using three feature sets with chosen parameters, then with help of these features tried to 
analyzed performance of three different machine learning methods (Regression tree, 
Support vector regression, Neural network) that concluded that Regression Tree performed 
the best. 

• In Feature set 1 was defined the input as X = {t, dow} for 1 Step Ahead Prediction 

that t is the time and dow is the day of week. 

• Feature set 2 was delineated with the input as X = {O(t−n−k), . . ., O(t−1−k), O(t−k)} that 

n+1 is indicated how many observations have been made previously, and the 
number k indicates how far ahead of occupancy to predict. 

• Feature set 3 was a combination of feature sets 1 and 2: X = {O (t − n − k), . . ., O (t − 1 
− k), O (t − k), t, dow} 

In the article [22], a similar way has been investigated on the two cities of Melbourne and 
Kansas City where the processed data are trained with various machine learning-models 
such as ARIMA, LSTM, and Facebook Prophet to predict the number of available parking 
spots through time series forecasting methods. Considering MAE concluded that LSTM with 
average of 1.6 was better than others. 

Compared to articles [21] [22], although the Melbourne city data set is used in all three, the 
way of data storage is slightly different (the duration is based on minutes), and they refer to 
three different years (These papers used data from 2017 and 2012, respectively, which 
differ slightly from our 2019 data). Thus, it is possible to perform different operations in the 
preprocessing phase. 

Correlations with other aspects such as weather have been investigated in some 
circumstances. The writers of article [22] considered variables such as weather and day of 
week as variables that could potentially influence predicting. In another thesis [23], we 
observe a similar study in Helsinki, Finland, in which the researcher looked at other external 
circumstances, such as seasons, events, and holidays, that may be associated to the 
occupation process. Several models, including Gradient Boosting, SARIMA, TBATS, LSTM, 
and GRU, were employed in this article. Although the GRU model performed better in the 
training phase, the gradient boosting model performed best in the test phase. The author of 
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this paper said that SARIMA is incapable of predicting volatility outliers. As a result, this 
model is best suited for places with low volatility. 

In this paper, the capabilities of different architectures are investigated, including the 
SARIMA statistical model, conventional deep learning models (CNN, LSTM, and GRU) as 
well as two models based on autoregressive neural network (AR-NN). The first AR-NN 
model is an AR-RNN model derived from [24], and the second is WaveNet [18], which can 
be described as a Dilated Convolutional Neural Networks developed by researchers at 
Google and used for audio and speech generation. However, we intend to use it for time 
series generated by IoT for parking lots at city level.  
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3. Experiments 

3.1 Requirements 

The Google Colab [25] tool was utilized in this master thesis to conduct the project's 
practical component. Colab allows us to import a dataset, use it to train and evaluate the 
model. No matter how powerful your computer is, Colab notebooks execute code on 
Google's cloud servers, giving you access to Google hardware like GPUs and TPUs. As 
well as libraries commonly used by programmers are pre-installed on it. e.g., Matplotlib, 
Tensorflow and Numpy are all available by default. To advance the goals of the thesis, the 
following libraries have been used in the notebook: 

• Scikit-learn is a machine learning library for Python. It includes a wide range of 
algorithms that may be used to put supervised and unsupervised machine learning 
techniques into practice. The sklearn.metrics module implemented functions to 
evaluate the prediction error for specific purposes used in this work [26]. 

• Pandas is an open-source Python package that is most widely used for data 
analytics, data frame analysis, and data manipulation. It is built on top of another 
package named Numpy, which provides support for multi-dimensional arrays [27]. 

• TensorFlow is a complete open-source machine learning platform. This platform 
provides the possibility of performing heavy operations in deep learning with neural 
networks by providing its tools and libraries [28]. 

• Matplotlib is a comprehensive library for creating static and interactive 
visualizations that help us better interpret datasets at various stages, as well as our 
results by displaying different diagrams [29]. 

• Seaborn library allows you to draw charts with an easy-to-use high-level interface 
using Matplotlib [30]. 

• Sodapy is a python client for the Socrata Open Data API that allows us to 
programmatically access dataset from Melbourne city [31]. 

• Pmdarima is a statistical library designed to fill the void in Python's time series 
analysis capabilities. Among the functions it performs are differencing and inverse 
differencing, as well as finding appropriate ARIMA parameters [32]. 

• Statsmodels is a Python module whose classes and functions we use to estimate 
statistical models [33]. 

3.2 Dataset and Analysis 

Our dataset consists of parking entries from the City of Melbourne in Australia that are 
accessible on its open data portal [34]. There are currently more than 40 million parking 
events available since 2019, covering 38 areas of the city, or 123 different streets. The 
overview of distributed parking events in different areas is illustrated in Figure 3-1.  
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Figure 3-1 Structure of a single event of the initial dataset [34]. 

Most central business district (CBD) parking bays in Melbourne are equipped with in-ground 
parking sensors. These sensors monitor the entry, exit time of vehicles, and generate a 
report on the residence time and empty time of the parking space, as well as whether or not 
the parked automobile has exceeded the prescribed time limit. Each record comprises 20 
columns such as arrival and departure times, area name, street id and so on. But all these 
columns will not be useable for our thesis. The most important columns are described in 
detail in Table 3-1. 

Column Name 
Description Type 

DeviceId Serial number of the in-ground sensor. Number 

ArrivalTime When a vehicle is on the sensor at a particular date & time. Date & Time 

DepartureTime The date and time when a vehicle is located no longer over 
the sensor. 

Date & Time 

DurationMinutes In minutes, the difference in time between arrivals and 
departures. 

Number 

AreaName City area Plain Text 

StreetId Describes the street segment where the sensor is located 
via GIS. 

Number 

StreetName Street upon which the vehicle parked. Plain Text 

BayId Identifies the bay where the event occurred. Plain Text 

VehiclePresent Whether the vehicle is present or not Checkbox 

Table 3-1 Structure of a single event of the initial dataset [34] 



 

Omidreza Nazifi Jafarabadi  28 

In light of Section 2.1's detailed explanation about time series, the Melbourne data can be 
interpreted in this way. In order to predict parking occupancy rates, we will consider the 
occupancy of each space over time, which is said to be time series data, because it is a 
sequence of values at every time step. Hence, we can call them univariate time series. 
Since observations of dataset were submitted irregularly across the time, it is originally a 
continuous time series. The following chart shows a bar graph for the number of parking 
events per day. Figure 3-2 proves to us that the time series is continuous because of its 
irregular reporting interval. 

In the following graph, the time series converted into a discrete time series by aggregating 
or digitizing the series is illustrated. 

  

Figure 3-2 Count of parking events per day 

3.3 Preprocessing steps 

Data preprocessing is a prerequisite for modeling. It is generally advisable to select and 
preprocess data before utilizing it. First, we defined data preparation and how it might help 
us achieve our objectives. 

During preprocessing, we transform our data before we feed it to the algorithm. In other 
words, whenever the data is collected from diverse sources, it is collected in raw format, 
which is not useful for analysis. Therefore, they are transformed from the raw data into a 
clean data set to be able to use [35] [36]. 

To streamline our research and match our processing resources, we began data 
preprocessing by filtering for only one street in Melbourne, which is shown below (Snippet 
3-1).   
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def download_dataset(domain, dataset_id, batch_size = 1000): 

    client = Socrata(domain, app_token=None, username=None, password=None, timeout=60*5) 

    offset = None 

    data = [] 

    query=""" 

          select deviceid, arrivaltime, departuretime,  

           durationminutes, areaname, streetid,  

           streetname, vehiclepresent 

          where 

            streetname='QUEEN STREET' and vehiclepresent = 'True' 

          order by arrivaltime 

          limit 10000000 

          """ 

 

    data = client.get(dataset_id, query=query) 

    return pd.DataFrame.from_dict(data) 

 

df_raw = download_dataset("data.melbourne.vic.gov.au", "7pgd-bdf2") 
 

 

Snippet 3-1 Download dataset with custom region 

We  chose “Queen Street” in the central business district because this street alone recorded 
more than one million parking events in 2019. Furthermore, it is not required to evaluate 
records that demonstrate the parking spot is not occupied. Hence, events with negative 
values for the field “VehiclePresent” were ignored. The first few rows of original dataset are 
represented in Figure 3-3. 

 

 

Figure 3-3 a glance of the first few rows of original dataset 

3.3.1 Data Cleaning 

Detecting missing data is one of the initial steps in preprocessing our data. At this point, the 
missing data in columns or rows will be selected. The important columns are deviceId, 
arrivalTime, departureTime and durationMinutes that shows us how long a car has parked 
in a specific parking place. By exploring these columns, we do not find any missing data. 
So, in the next step, by examining the values in the rows, we found that 189,613 rows were 
recorded with a duration of zero minutes. This could mean that some vehicles have been 
parked for less than a minute i.e., they have passed by immediately. 
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Figure 3-4 Missing rows with a duration of zero minutes 

To address this issue there are some solutions, but before discussing them, a few issues 
need to be clarified. First, most of the data was recorded in less than 44 minutes. Although 
it has been observed that some vehicles were parked for more than 800 minutes, the 
median of parking time is 6 minutes. As represented in Figure 3-5, most vehicles on this 
street were parked for less than 6 minutes. 

 

Figure 3-5 Count of duration of parking time (minute) 

So, it is possible to  

1. transform the 0 values to a nearest values of 1 or 2 minutes. Since the length of one 
minute is twice the number of rows in question, and the number of durations of two 
minutes is half of them, the difference is increased by converting them (Table 3-2). 

Duration (min) 
Count 

1 249752 

0 189613 

2 82928 

3 51972 

4 38463 

Table 3-2 Total first parking times (minutes) 



 

Omidreza Nazifi Jafarabadi  31 

2. transform them to mean or median value. The optimal median number is six minutes, 
but we opted not to use it because it could skew the results of our statistical study. 
Parking for six minutes on a busy street means something vastly different than 
parking for a few seconds, which is due to running over a sensor to park somewhere 
else. 

3. Or we can discard all of them.  

For us, the third option is the most appropriate choice because it will have side effects 
neither in statistical analysis nor in the process of learning models and predictions. 

A crucial point was noted in papers [21] [22] that also used the Melbourne dataset. These 
papers used data from 2017 and 2012, respectively, which differ slightly from our 2019 data 
(as noted in Section 2.6). There were a few unexpected increases in parking events at 
specific time points that were mentioned in papers. For this reason, the data set was 
examined to possibly find sudden increases or decreases in parking events. Our hypothesis 
was validated, as some unexpected increases in parking incidents were discovered (As 
seen in Figure 3-6). 

 

Figure 3-6 Melbourne dataset involves demonstrating couple time points during the day 

According to city parking rules, in some areas the sensors are reset at certain hours. 
According to the City of Melbourne's official website, Different parking restrictions apply for 
some spaces in the core city area after 6.30pm [37]. The types of signage that reflect the 
limits on different days are discussed on the same page, in the parking rules section. These 
are the hours we were seeking for: 12:00am, 6:00am, 7:30am, 18:30pm, and 20:30pm. 

To be more specific, based on the data analysis, during these hours, the sensors submit an 
event again even when no entry or exit has occurred. To guarantee that these atypical 
changes do not interfere with data analysis and prediction, we must merge this segmented 
data while maintaining total parking lot occupancy. The Snippet 3-2 shows that all events 
with an arrival time of 06:00 are listed. Next it searches for events with the same device Id 
and departure time, which has the same value. 
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df_tmp = df_cleanup.loc[(df_cleanup.ar_time == time(6,00,0,0))] 

 

for index, row in df_tmp1.iterrows(): 

  df_cleanup.loc[(df_cleanup.departuretime == row.arrivaltime.to_pydatetime()) & (df_cleanup.d

eviceid == row.deviceid), 'durationminutes'] += row.durationminutes 

  df_cleanup.loc[(df_cleanup.departuretime == row.arrivaltime.to_pydatetime()) & (df_cleanup.d

eviceid == row.deviceid), 'departuretime'] = row.departuretime 

 

  df_cleanup = df_cleanup.drop(df_cleanup.loc[(df_cleanup.arrivaltime == row.arrivaltime)  

                                        & (df_cleanup.departuretime == row.departuretime)  

                                        & (df_cleanup.deviceid == row.deviceid)].index) 

 

 

Snippet 3-2 Merging segmented data which recorded due to reset of sensors 

Figure 3-7 shows the number of parking events in 24 hours per day. This figure shows the 
rush hours approximately between 6:00 am and 9:00 pm. 

 

Figure 3-7 displays the rush hours approximately between 6:00 am and 9:00 pm 

3.3.2 Data Reduction and Transformation 

Next, we employed two stages of preprocessing [36] reduction, and transformation. Data 
reduction, as the name indicates, is used to reduce the amount of data and hence the 
expenses involved with data analysis and training. Data transformation also describes the 
process of changing data format to a different format. A variety of strategies are available 
for both, but here we used “feature subset selection” from the stage of data reduction and 
“discretization” from the stage of data transformation. Feature subset selection refers to the 
process of selecting a subset of features that are most relevant to the analysis and achieve 
the objectives. Data discretization refers to transforming continuous time series into discrete 
one. Data discretization and feature subset selection are necessary to make data points 
consistent; only then can ML models rely on them.  

As we explained in Section 3.2, our data consists of several events sent by sensors. Here, 
each event means the occupation of a parking spot by a vehicle. Since these data are 
irregular, that is, the recording time of each one and the length of its occupation period are 
different, it should be converted into a regular data set, that is, a discrete time series. For 
this purpose, we used the sampling method with one-hour time intervals. Therefore, we 
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iterated the dataset to find the number of spots occupied hourly. It is important to know how 
many spots are occupied exactly on the time point. It could suggest that some places are 
occupied before a specific time point and continue until the next or after the following time 
point.  

We transformed the number of spots occupied to occupancy rates by dividing them with the 
total number of parking places, yielding a fraction between 0 and 1 and shelved the other 
columns, yielding the result in the form of the following table (To see the corresponding 
algorithm, refer to Appendix A).  

 

 
datetime occupiedSpots capacity percentOccupied (%) 

0 2019-01-01 00:00:00 119 227 0.524229 

1 2019-01-01 01:00:00 81 227 0.356828 

2 2019-01-01 02:00:00 66 227 0.290749 

3 2019-01-01 03:00:00 49 227 0.215859 

Table 3-3 Resulted Time-Series Dataset after transformation 

3.3.3 Data Visualization 

Plotting the observations versus time is the initial step in any time series analysis or 
forecasting. To visualize how the trend, seasonality, outliers, smooth structural changes, 
etc. in parking occupancy rates appear, a few points are analyzed. The first graph (Figure 
3-8) illustrates the overall trend over the year. Figure 3-9 plots the comparison between two 
weeks in different seasons, including a typical week when schools are open and there are 
no public holidays, and a week with summer holidays that coincides with Christmas 
holidays. 

 

Figure 3-8 The time plot of percentage of spots occupied during the year 

As represented in Figure 3-9, traffic statistics are much higher on holidays than on 
weekdays. 
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Figure 3-9 Comparison of two weeks:  a) a typical week in February. b) a week of summer holidays and Christmas 

The comparison of three different days, which includes a holiday, a working day, and a 
weekend shows that the procedure for occupying the parking spaces is similar on these 
three days (drawn in Figure 3-10). 

 

Figure 3-10 Comparison three different days 

Next, we measured the influence of past parking occupancy rate for a specific street on its 
future rate. For this, we calculated the degree of correlation of the same variables between 
two successive time intervals. This is called as autocorrelation [38]. It is conceptually similar 
to the correlation between two different time series, but it calculates the correlation of time 
series observations with prior values of the same series; this is also known as lagged 
correlation or serial correlation. 

The autocorrelation function (ACF) and partial autocorrelation function (PACF) are plotted 
in Figure 3-11. In the ACF graph, there is a significant correlation with lag 24 indicating a 
daily correlation. At the weekly level, at lag 168, a substantial association is evident. 

The partial autocorrelation with lag k is the correlation that results after the effects of 
correlations attributable to terms with shorter delays are removed, according to [37]. The 
PACF explains the direct relationship that exists between an observation and its lag. This 
means that by removing the correlation of x1 from the calculation, it is possible to compute 
the direct correlation between values x and x2, allowing us to study the direct repercussions 
of each lag step. As represented in Figure 3-11(b), we can interpret that the highest peaks 
are in the increments of 24 and some of the peaks are negative. Furthermore, the weekly 
peak at 168 is not substantially higher as shown in the autocorrelation plot in Figure 3-11(a). 
This proves that the daily seasonality overrides the weekly seasonality. 
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Figure 3-11 Autocorrelation and Partial Autocorrelation 

Based on the interpretation of ACF and PACF, we concluded that our time series has 24-
hour time intervals and there may be a linear trend. However, in order to better comprehend 
it, we must examine the time series to observe all of its components, both systematic and 
non-systematic [38], because time series data can exhibit a variety of patterns [39]. To 
decompose the time series, we need to determine whether our process should be modeled 
with additive or multiplicative decomposition. A multiplicative model is nonlinear. It 
ratiocinates that time series data is a function of the product of its components.  

yt = St × Tt × Rt 

Where yt is the data, St is the seasonal component, Tt is the trend component, and Rt is the 
residual component, all at period t. Whereas an additive model is linear which the 
components add together. The additive decomposition can be formalized as follows: 

yt = St + Tt+ Rt 

We have observed relatively consistent seasonal fluctuations in our case. We used a 
function in statsmodels [33] to perform this decomposition (Snippet 3-3). 

 

decomp_results = seasonal_decompose(plot_features['2019-01-01':'2019-03-31']) 

decomp_results.plot() 

plt.figure(figsize=(15,15)) 

plt.show() 

  

Snippet 3-3 Using a function from the statsmodel library for decomposition of time series 

This decomposition gives an effective overall picture of the data. As seen in the Figure 3-12, 
the trend and seasonal information extracted from this dataset is acceptable. Besides the 
regular seasons, we notice an unpredictable pattern. 
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Figure 3-12 Time series decomposition 

3.4 Forecasting Models 

In this section, we will train our dataset with different models that comprise of either 
statistical model, ANN models and combined algorithms such as WaveNet. It is also worth 
mentioning that we have studied and researched many sources and resources for the 
implementation of our models, but the decisive factor for inspiration were [12] [24] [40]. 

In this section, we will first define the important techniques that have been influential in the 
process of training and benchmarking. We will then build a baseline model to see which 
models perform the best. A performance baseline was set before beginning to learn with 
defined models to assess their performance. In the next step, we will examine a SARIMA 
model, several ANN models, and finally two hybrid models, one DCNN and the other 
autoregressive neural network. 

All our models are measured against three performance metrics, which comprise RMSE, 
MAE and MAPE. However, only the RMSE metric is mentioned in the following reports, 
although all values are compared in the Conclusions section. 

3.4.1 Important Technical Items 

Split Dataset 

We split dataset for deep learning models for training, validation, test set with ratio of 70%, 
20%, and 10%. However, SARIMA does not use a validation set. Therefore, we used a 
training / test ratio of 80% and 20%. To ensure that seasonal and other effects are 
preserved, and that the validation/test set is not changed during training to make the results 
more realistic, we selected consecutive data points for each data set. 

Data Windowing 

In sections 4.3.3 – 4.3.7, we will use a template for our models that are derived from the 
template provided by the TensorFlow tutorial website [24] and contains a WindowGenerator 
class (refer to Appendix B). This class can be: 

1. Handle the indexes and offsets. 



 

Omidreza Nazifi Jafarabadi  37 

2. Features windows are divided into a pair of features and labels. The split window 
function will create a window of inputs and a window of targets from a list of 
sequential inputs. 

 

Figure 3-13 An example of splitting a window into a batch of six-time step inputs and a single time step label. [24] 

Although the features axis of the data is not depicted in the above figure, by 
split_window function can also manage the label columns to allow utilizing of a single 
as well as a multiple output cases. 

3. Plot the content of the resulting windows. There is a plot method here what provides 
a representation of the split window, and aligns the three elements based on the 
time the item refers to which are as follows: 

o The input occupancy percentage for each time step is displayed on the blue 
‘Inputs’ line. 

o The target prediction value is displayed by the green ‘Targets’ dots.  

o Each cross in orange represents the prediction of model for each time step. 
The forecasts will hit the ‘Targets’ directly if the model were to predict with 
100% accuracy. 

o Finally, there is a method called make_dataset that converts a time series 
DataFrame into a tf.data.Dataset. The dataset includes a pair of 
input_window and label_window. (See Snippet 3-4). 

  def make_dataset(self, data): 

    data = np.array(data, dtype=np.float32) 

    ds = tf.keras.utils.timeseries_dataset_from_array( 

        data=data, 

        targets=None, 

        sequence_length=self.total_window_size, 

        sequence_stride=1, 

        shuffle=True, 

        batch_size=32,) 

 

    ds = ds.map(self.split_window) 

    return ds  

Snippet 3-4 It converts a time series DataFrame into a tf.data.Dataset [24] 
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With this class, we generated a Windows 168-time steps of consecutive inputs for one week 
and 24-time steps labels. i.e., by given 168 hours of the past (a week), the NN models learn 
to predict 24 hours into the future. 

Avoiding Overfitting Through Regularization 

• Early Stopping is a feature to automatically stop training when a learning model 
encounters a validation error. In other words, when the chosen metric does not 
improve any further. It is one of regularized linear models, which helps to prevent 
overfitting. We use this feature during compiling and fitting our ANN models [12]. 

• Dropout is a simple method to regularize deep neural networks and increase 
accuracy. In this method, a few neurons in one or more layers (except the output 
layer) are randomly dropped. The reason is the slowness of deep neural networks 
with many parameters because it makes it difficult to deal with overfitting. In order 
to solve this problem, dropout is an appropriate technique [41]. 

Adam Optimizer 

Adam Optimizer is a combination of two optimization methods, Momentum and RMSProp. 
Adaptive moment estimation is an algorithm for gradient descent optimization technique. 
This method is very efficient when working with large problems that involve a lot of data or 
parameters. It requires less memory and is efficient [12, p. 466]. 

Activation Functions 

The activation function, as part of a neural network, decides whether to convert the weighted 
summed input from a node into its activation or output [12]. 

• Rectified Linear Unit (ReLU) is a piecewise linear function. Whenever the input is 
positive, this activation function outputs the values directly, otherwise it outputs 
zero. Because of ease and good performance during model training, this activation 
function has been determined as the standard function of many types of neural 
networks. 

• Hyperbolic Tangent function, or Tanh, is a similarly shaped nonlinear activation 
function that outputs values between -1.0 and 1.0. Compared to sigmoid activation 
function, the model is easier to train, and its performance is better by Tanh. 
Therefore, its use is preferred. 

Dense 

The classifier is the last step in a NN model. This is called the Dense Layer, which is a 
common classifier for neural networks. The dense layer scans downward from the pooling 
layer. Each node in this layer is connected to every node in the previous layer. These, like 
every other classifier, require unique features. As a result, it requires a feature vector. This 
requires transforming the multidimensional output of the convolutions into a one-
dimensional vector. This process is called “flattening” [12]. 



 

Omidreza Nazifi Jafarabadi  39 

3.4.2 Seasonal ARIMA (SARIMA) 

ARIMA models are one of the most extensively used methodologies for time series 
forecasting, as illustrated in a number of articles and theses, including [22] [23]. 

The goal of this thesis is to find an appropriate seasonal ARIMA model. There are several 
approaches to setting ARIMA parameters. One of these is to use the Grid Search. We did 

this with the help of pmdarima library [32]. As shown in Snippet 3-5, Its auto_arima() 
function finds the most appropriate model to a univariate time series according to a provided 

information criterion (either AIC, BIC or HQIC). The parameters max_p and max_q were 
set with 4. For finding values of non-seasonal differencing (d) and seasonal differencing (D) 

were used nsdiffs() and nsdiffs() functions were used, respectively. 

 

seedNum = 42 

with pm.arima.StepwiseContext(max_steps=20): 

  stepwise_results = pm.auto_arima(train_ts, d=start_d, max_p=max_p, max_q=max_q,  

                                   D=start_D, m = seasonal_freq, seasonal = True,  

                                   stepwise = True, trace = True, suppress_warnings = True, 

                                   method='nm', random_state = seedNum) 
 

 

Snippet 3-5 An automated stepwise search of ARIMA parameters by pm.auto_arima() 

Although this function proposed a model with the best non-seasonal = (2,1,2) and seasonal 
= (1,0,1,24) hyperparameters among 20 alternative orders, subsequent studies revealed 
that adding a value to the parameters P and Q makes the model more stable and delivers 
better forecasts. Table 3-4 shows the different performance for both validation and 
forecasting. 

Hyperparameters 
Validation-Performance Test-Performance 

SARIMAX (2, 1, 2) x (1, 0,1, 24) 0.117 0.289 

SARIMAX (2, 1, 2) x (2, 0, 1, 24) 0.091 0.116 

SARIMAX (2, 1, 2) x (2, 0, 2, 24) 0.091 0.075 

Table 3-4 Comparison performance of SARIMA model with different hyperparameters 

In fact, the SARIMA model reflected the seasonality of the occupancy rates. The distinction 
here is that a seasonal order was employed to represent the 24 period-day. We compiled 
and trained the model with seasonal order = (2,0,2,24) and with non-seasonal order (2, 1, 
2). As represented in Figure 3-14, the prediction was apparently same for all time steps. 
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Figure 3-14 Validation via In-sample Data 

3.4.3 CNN 

The second model is a typical CNN model consisting of one Lambda, three Conv1D layers 
with a filter of 512 and a kernel size of 1 (and the last one 24), followed by a dropout layer 
for regularization, then a pooling, dense and reshape layers. The activation for the 
convolutional layers is ReLU.  

We evaluated the model with varied parameters and number of layers and found that the 
three Conv1D layers with a filter value of 512 were the most optimal. First, we trained the 
model with only one layer three times with 128, 256, and 512 filters before comparing 
performance with two layers and three layers and the same values. A brief comparison of 
these results with RMSE metric are presented in Table 3-5. 

 
Validation-Performance Test-Performance 

1 Layer(filter=128) 0.0743 0.0854 

1 Layer (filter=256) 0.0739 0.0840 

1 Layer (filter=512) 0.0686 0.0810 

2 Layers (all filters=128) 0.0758 0.0878 

2 Layers (all filters =256) 0.0698 0.0817 

2 Layers (all filters =512) 0.0677 0.0803 

3 Layers (all filters =512) 0.0636 0.0779 

3 Layers (filter=128, 256, 512) 0.0651 0.0781 

Table 3-5 Comparison performance of CNN model with different architecture 

The Dropout layer with rate of 0.2 was used to prevent overfitting of the data. The Dense 
layer was a completely connected layer with as many units as we wanted to forecast in the 
future, which was one day with 24-time steps.  
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Layer 
Output shape Param # Description 

Lambda (None, 24, 1) 0 Shape [batch, time, features] to [batch, 24, features] 

Conv1D (None, 24, 512) 1024 With activation 'ReLU' and kernel 1 

Conv1D (None, 24, 512) 262656 With activation 'ReLU' and kernel 1 

Conv1D (None, 1, 512) 6291968 With activation 'ReLU' and kernel 24 

Dropout (None, 1, 512) 0 rate = 2% 

MaxPool1D (None, 1, 512) 0 pool_size = 1 

Dense (None, 1, 24) 12312 24-time steps * features 

Reshape (None, 24, 1) 0 24-time steps for each feature 

Total params: 6,567,960 

Trainable params: 6,567,960 

Non-trainable params: 0 

Table 3-6 Layers of CNN model 

Figure 3-15 illustrates the difference between target and prediction in the next 24 hours. 

 

Figure 3-15 Comparison of target and prediction in CNN model 

3.4.4 LSTM 

The next model is a RNN model consisting of 2 LSTM layers, one Dense layer and Reshape 
layer. After testing, it is determined that the optimal model is deployed with 2 LSTM layer, 
each with 32 units. A brief comparison of these results can be seen in Table 3-7.  

 

 

 



 

Omidreza Nazifi Jafarabadi  42 

 
Validation-Performance Test-Performance 

1 Layer(units=32) 0.0634 0.0741 

1 Layer(units=64) 0.0783 0.0849 

1 Layer(units=128) 0.0660 0.0764 

2 Layers(units=32) 0.0613 0.0698 

2 Layers(units=64) 0.0761 0.0953 

2 Layers(units=128) 0.0912 0.1077 

Table 3-7 Comparison performance of LSTM model with different architecture 

It should be noted that it is not related to the number of time steps in the input sequences 
that there are units in the hidden layer. We also did not consider the dropout rate because 
we found that raising the dropout rate causes the model to underfit the training set worse 
than the baseline model.  

The activation for the LSTM layer used here is tangent hyperbolic. As explained in [12, p. 
679], one of the most well-known problems that an RNN on long sequences encounters is 
the unstable gradients problem. Since ReLU activation may cause additional instability 
during training, we choose the default activation, Tanh. 

Layer 
Output shape Param # Description 

LSTM (None, 168, 32) 4352 With activation tangent hyperbolic 

LSTM (None, 32) 8320 With activation tangent hyperbolic 

Dense (None, 24) 792 24-time steps * features 

Reshape (None, 24, 1) 0 24-time steps for each feature 

Total params: 13,464 

Trainable params: 13,464 

Non-trainable params: 0 

Table 3-8 Layers of LSTM model 

Figure 3-16 illustrates the difference between target and prediction in LSTM model. 

 

Figure 3-16 Comparison of target and prediction in LSTM model 
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3.4.5 GRU 

There is another RNN model that consists of a GRU layer, a Dense layer and a Reshape 
layer. The reason there is only one GRU layer is that no significant effect was found after 
adding the second layer. The other parameters were set in the same way as for the LSTM 
model. As shown in Table 3-9, increasing the units did not necessarily lead to better results. 
When the number of layers was compared, the error percentage for the test data with one 
layer produced the best results. 

 
Validation-Performance Test-Performance 

1 Layer(units=32) 0.0673 0.0747 

1 Layer(units=64) 0.0755 0.0793 

1 Layer(units=128) 0.0570 0.0806 

2 Layers(units=32) 0.0782 0.0876 

2 Layers(units=64) 0.0581 0.0787 

2 Layers(units=128) 0.0816 0.0900 

Table 3-9 Comparison RMSE of GRU model with different architecture 

Table 3-10 and Figure 3-17 show the model layer and test data compared to the predictions, 
respectively. 

Layer 
Output shape Param # Description 

GRU (None, 32) 3360 With activation tangent hyperbolic 

Dense (None, 24) 792 24-time steps * features 

Reshape (None, 24, 1) 0 24-time steps for each feature 

Total params: 4,152 

Trainable params: 4,152 

Non-trainable params: 0 

Table 3-10 Layers of GRU model 

 

Figure 3-17 Comparison of target and prediction in GRU model 
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3.4.6 Autoregressive LSTM 

In [24], an autoregressive RNN model with LSTMCell was proposed whose output provided 
feedback at each step. Here, there is a feedback class (see Appendix C) that has a warm-
up method to initialize its internal states based on the inputs. After training, these states 
record the relevant parts of the input history. In this model, tf.keras.layers.LSTMCell is used 
to allow the model to manually manage the inputs of each step. 

As listed in Table 3-11, we assessed the model with two distinct units and discovered that 
32 units function efficiently. 

Units 
Validation-Performance Test-Performance 

32 0.0862 0.0971 

64 0.0925 0.0995 

Table 3-11 Comparison RMSE of Autoregressive LSTM model with different parameter 

According to the previous procedure, in Table 3-12 and Figure 3-18, respectively, the layers 
of the model and the comparison of the test data with the forecast are displayed. 

 

Layer 
Output shape Param # Description 

LSTMCell multiple 4352  

RNN multiple 4352  

Dense multiple 33  

Total params: 4,385 

Trainable params: 4,385 

Non-trainable params: 0 

Table 3-12 Layers of Autoregressive LSTM model 

 

Figure 3-18 Comparison of target and prediction in Autoregressive LSTM model 
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3.4.7 Dilated Convolutional Neural Networks: WaveNet 

According to the author's explanation in the book [12, p. 690], the original WaveNet design 
has ten convolution layers with dilation rates of 1, 2, 4, 8, ..., 256, 512 stacked on top of 
each other, and this ten-layer stack is repeated three times. The reason for this was to 
increase the efficiency of the model. But since our time series does not have the complexity 
of audio data, we decided to start the training and evaluation with a smaller number of layers 
and lower dilation rate. Therefore, to choose a suitable architecture, we assessed the model 
with 4 to 6 layers and 2 to 3 blocks stacked on top of each other (as depicted in Table 3-13). 
The result was that the performance of the model did not increase when the number of 
dilation rates were increased. 

CNN layers with (dilation rates) 
Count of blocks Validation-

Performance 
Test-
Performance 

4 layers with (1, 2, 4, 8) 2 0.0519 0.0687 

4 layers with (1, 2, 4, 8, 16) 2 0.0520 0.0704 

4 layers with (1, 2, 4, 8, 16, 32) 2 0.0528 0.0672 

4 layers with (1, 2, 4, 8) 3 0.0521 0.0663  

4 layers with (1, 2, 4, 8, 16) 3 0.0527 0.0788 

4 layers with (1, 2, 4, 8, 16, 32) 3 0.0518  0.0703  

Table 3-13 Comparison performance of WaveNet model with different architecture 

 

Layer 
Output shape Param # Description 

Conv1D (None, 168, 20) 60 With activation 'ReLU' and kernel 2 

Conv1D (None, 168, 20) 820 With activation 'ReLU' and kernel 2 

Conv1D (None, 168, 20) 820 With activation 'ReLU' and kernel 2 

Conv1D (None, 168, 20) 820 With activation 'ReLU' and kernel 2 

Conv1D (None, 168, 20) 820 With activation 'ReLU' and kernel 2 

Conv1D (None, 168, 20) 820 With activation 'ReLU' and kernel 2 

Conv1D (None, 168, 20) 820 With activation 'ReLU' and kernel 2 

Conv1D (None, 168, 20) 820 With activation 'ReLU' and kernel 2 

Conv1D (None, 168, 20) 820 With activation 'ReLU' and kernel 2 

Conv1D (None, 168, 20) 820 With activation 'ReLU' and kernel 2 

Conv1D (None, 168, 20) 820 With activation 'ReLU' and kernel 2 

Conv1D (None, 168, 20) 820 With activation 'ReLU' and kernel 2 
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Conv1D (None, 24, 1) 2901  

Total params: 11,981 

Trainable params: 11,981 

Non-trainable params: 0 

Table 3-14 Layers of WaveNet model 

The difference between target and prediction in WaveNet model illustrates Figure 3-19. 

 

Figure 3-19 Comparison of target and prediction in WaveNet model 
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4. Results and Discussion 

4.1 Summary 

The empirical results show that WaveNet as a DCNN model has the best performance with 
both validation and test set. When assessing the models trained using the validation set, 
the value of RMSE of LSTM and CNN models after WaveNet has the lowest forecast error, 
as shown in Figure 4-1. The results of the root mean square error on the test set, on the 
other hand, bring attention to the SARIMA statistical model. In this case, WaveNet and 
LSTM have very close predictions, but SARIMA, as a classic model, still performs well. 

 

Figure 4-1 Comparison performance of models in validation and test dataset 

4.2 Comparison of Forecasting Models 

As mentioned in Chapter 3, for the SARIMA model, the dataset was split into 80% and 20% 
for training and testing, respectively. For the ANN models, they were divided into training, 
validation, and testing sets with a ratio of 70%, 20%, and 10%, respectively. We 
experimented the SARIMA model using a grid search method with different 
hyperparameters both seasonally and non-seasonally to determine the best model that 
provided the best predictions. This technique required 20 steps, after which we manually 
re-compared three of the finest configurations. In the case of the ANN models, however, we 
took a different approach. After multiple trials with different network architectures, the 
network structure with the lowest RMSE was identified to have the best prediction accuracy 
for the test data. 

The outcomes of the MAE, RMSE, and MAPE error metrics were used to compare the 
models after training and fitting them. Table 4-1 displays the training set results, while Table 
4-2 displays the test set results. 
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From the experimental results presented in Table 4-1, it can be seen that the learning 
accuracy of the ANN models, especially WaveNet, is quite high compared to the SARIMA 
model. Although all of our models outperformed the baseline (with the exception of the linear 
model, which is displayed simply for clarity), the difference between WaveNet, LSTM, CNN, 
and GRU with SARIMA and AR-LSTM is substantial. This result is consistent with the work 
of [23], according to which the LSTM and GRU models have better performance than 
SARIMA. 

Model 
RMSE MAE MAPE 

Baseline 0.1042  0.0782  25.7227 

Linear 0.1328 0.1109 40.4501 

SARIMA 0.0901 0.1157 31.4487 

Conv 0.0607 0.0453 15.5599 

LSTM  0.0631 0.0478 16.0674 

GRU  0.0744 0.0580 19.3849 

AR-LSTM 0.0862 0.0673 24.1631 

WaveNet 0.0514 0.0378 12.2423 

Table 4-1 Values of RMSE, MAE, and MAPE metrics for the validation set. 

From the results shown in Table 4-2, it can be observed that the prediction error rate for the 
four models SARIMA, CNN, LSTM and WaveNet are closer to each other. They all 
functioned well in certain ways, but according to the three-error metrics (RMSE, MAE, and 
MAPE), LSTM and WaveNet performed the best in predicting test data. This result is 
consistent with the work of [22], where the LSTM predicted better than SARIMA. 

Model 
RMSE MAE MAPE 

Baseline 0.1072 0.0807 25.5464 

Linear 0.1370 0.1136 36.9209 

SARIMA 0.0779 0.0938 30.3970 

Conv 0.0756 0.0538 17.1194 

LSTM  0.0716 0.0523 16.2801 

GRU  0.0807 0.0624 19.0484 

AR-LSTM 0.0971 0.0747 24.6098 

WaveNet 0.0716 0.0537 16.2601 

Table 4-2 Values of RMSE, MAE, and MAPE metrics for the test set. 
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Although, the performance of WaveNet and LSTM models were better than others in terms 
of forecasting accuracy on many occasions from the test data, WaveNet could reduce its 
error in less time (Figure 4-2). 

 

Figure 4-2 Loss Function for all models 

By comparing the anticipated occupancy rate (orange) to the actual rate (green) in Figure 
4-3, it is inferred that the SARIMA model makes predictions within a given range. In other 
words, when the occupancy rate fluctuates, the model considers an average value over 
time intervals. According to these results, previous studies on SARIMA have been 
confirmed [23]. 

To prove this claim, in Figure 4-4, SARIMA's model prediction is zoomed in only on the 
testing period. The forecasted data are almost identical in all time intervals with a slight 
upward trend. 
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Figure 4-3 Comparison of forecasting made by SARIMA, CNN, LSTM and WaveNet 

 

Figure 4-4 Comparison of SARIMA Models on Testing Data 
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4.3 Limitation 

There were two challenging issues in this thesis. To begin, during the preprocessing phase, 
the study was confined to detecting, assessing, and removing outliers. The second was 
limited to identifying the proper SARIMA parameters and an adequate architecture for ANN 
models, which required the majority of the research effort. 

Eliminating zero values and outliers was not an easy decision. This is due to the fact that 
the rationale should have been clarified. The movement of automobiles on the road sensors 
was our hypothesis for the existence of parking lot occupancies with zero minutes (these 
cases were recorded as zero since they lasted less than one minute). It should be noted 
that half of the events were recorded in a period of less than 6 minutes. Despite the fact 
that the selected street is a busy one, the question arises here whether more data must be 
removed for an accurate prediction, e.g., under three minutes. 

Moreover, it was time-consuming to find out why the number of parking events increased 
unexpectedly within 24 hours (Figure 3-6). This was because the number of events varied 
at various times, and the timing of their occurrence was also asymmetric. For example, if 
we had an event at 7:00 AM one day, there might not be one at 6:30 PM the next. 

The next challenge was to find suitable hyperparameters for SARIMA and a suitable 
architecture for ANN models. Of course, the case of SARIMA is more remarkable. It was 
not enough to find hyperparameters by just checking the difference with ADF test or using 
ACF/PACF for p and q parameters. Therefore, we used the grid search method. However, 
due to lack of hardware resources, we had to limit the number of steps to twenty. 
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5. Conclusions and Future Work 

In this thesis, the process of preprocessing and predicting the parking occupancy rate on 
Queen Street in Melbourne, Australia was investigated. This involved comparing a classical 
statistical model, multiple neural network models, and deep autoregressive models based 
on ease of setup, training time, and prediction accuracy. We explained the various 
limitations and challenges we may face in preprocessing and model setup. 

Based on previous studies, different models were proposed as the best option. However, 
ARIMA and seasonal ARIMA models were always among the candidates. Here, we tried to 
get a better understanding of them by comparing a traditional but practical method with 
deep learning models. The results of the models were presented with the error measures 
MAE, RMSE and MAPE. Finally, the results were in favor of the new WaveNet model. This 
model achieved the best result not only in learning time but also in prediction accuracy. 
Although the LSTM and SARIMA models performed well when assessed with the test set, 
WaveNet was set apart from the other models by its ease of setup and lack of many 
parameters. 

In future investigations, as stated in [23], the combining of parking data with external 
variables that correlate with them can improve the accuracy of prediction models. These 
external variables are classified into three types: 

1. Variables such as weather changes in different seasons 

2. Time events such as holidays, working days and weekends 

3. Day-to-day city information that may be planned or unexpected. Such as street 
development, public events, population rate or crowding proportion in various 
places. 

Each of these items can be placed both as a percentage and as a label next to the parking 
data set. 
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Appendix A: Data Transformation 

The following code snippet shows how a continuous time series can be sampled. The 
number of occupied devices per hour is determined. Then the number of points or in other 
words the number of occupations in a certain time step is discovered. 

#find number of devices in the Queen street 

capacity_of_parking_spots = df_cleanup.copy().deviceid.nunique() 

print('Overall capacity of parking spots: {}'.format(capacity_of_parking_spots)) 

dict_occupancy = {} 

TIME_POINT = 60 

 

#a loop to find how many spots are occupeid at each time point 

nowDay = datetime.now() 

startTime = datetime(2019, 1, 1, 0, 0, 0) 

endTime = datetime(2020, 1, 1, 0, 0, 0) 

while startTime < endTime: 

  mask = (df_cleanup.arrivaltime <= startTime) & (startTime < df_cleanup.departuretime) 

  df_filtered = df_cleanup.loc[mask] 

  length = len(df_filtered.drop_duplicates(subset=['deviceid'])) 

  dict_occupancy[startTime] = length 

  nextTimeStep = startTime +  timedelta(minutes=TIME_POINT) 

  startTime = nextTimeStep 

 

df_occupancy = pd.DataFrame(list(dict_occupancy.items()), columns=['datetime', 'occupiedSpots'

]) 
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Appendix B: Data Windowing 

In this section defines a WindowGenerator class (Template came from [24]). This class can: 

1. Handle the indexes and offsets. 

  def __init__(self, input_width, label_width, shift, 

               train_df=train_df, val_df=val_df, test_df=test_df, 

               label_columns=None): 

    # Store the raw data. 

    self.train_df = train_df 

    self.val_df = val_df 

    self.test_df = test_df 

 

    # Work out the label column indices. 

    self.label_columns = label_columns 

    if label_columns is not None: 

      self.label_columns_indices = {name: i for i, name in 

                                    enumerate(label_columns)} 

    self.column_indices = {name: i for i, name in enumerate(train_df.columns)} 

 

    # Work out the window parameters. 

    self.input_width = input_width 

    self.label_width = label_width 

    self.shift = shift 

    self.total_window_size = input_width + shift 

 

    self.input_slice = slice(0, input_width) 

    self.input_indices = np.arange(self.total_window_size)[self.input_slice] 

 

    self.label_start = self.total_window_size - self.label_width 

    self.labels_slice = slice(self.label_start, None) 

    self.label_indices = np.arange(self.total_window_size)[self.labels_slice] 

 

 

2. Make pairs of (features, labels) for each window of features. 

  def split_window(self, features): 

    inputs = features[:, self.input_slice, :] 

    labels = features[:, self.labels_slice, :] 

    if self.label_columns is not None: 

      labels = tf.stack( 

          [labels[:, :, self.column_indices[name]] for name in self.label_columns], 

          axis=-1) 

 

    inputs.set_shape([None, self.input_width, None]) 

    labels.set_shape([None, self.label_width, None]) 

 

    return inputs, labels 
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3. Plot the content of the resulting windows. 

  def plot(self, model=None, plot_col='percentOccupied', max_subplots=3): 

    inputs, labels = self.example 

    plt.figure(figsize=(24, 6)) 

    plot_col_index = self.column_indices[plot_col] 

    max_n = min(max_subplots, len(inputs)) 

    for n in range(max_n): 

      plt.subplot(max_n, 1, n+1) 

      plt.ylabel(f'{plot_col} [normed]') 

      plt.plot(self.input_indices, inputs[n, :, plot_col_index], 

              label='Inputs', marker='.', zorder=-10) 

 

      if self.label_columns: 

        label_col_index = self.label_columns_indices.get(plot_col, None) 

      else: 

        label_col_index = plot_col_index 

 

      if label_col_index is None: 

        continue 

 

      plt.scatter(self.label_indices, labels[n, :, label_col_index], 

                  edgecolors='k', label='Targets', c='#2ca02c', s=64) 

      if model is not None: 

        predictions = model(inputs) 

        plt.scatter(self.label_indices, predictions[n, :, label_col_index], 

                    marker='X', edgecolors='k', label='Predictions', 

                    c='#ff7f0e', s=64) 

 

      if n == 0: 

        plt.legend() 

 

      plt.xlabel('Time [h]') 

 

 

4. Using tf.data.Dataset, is created batches of these windows from the training, 
validation, and test data. (This function is available in Snippet 3-4) 
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Appendix C: Autoregressive-RNN Model  

This AR-NN is an AR-RNN model derived from [24]. Here is presented the FeedBack class. 

class FeedBack(tf.keras.Model): 

  def __init__(self, units, out_steps): 

    super().__init__() 

    self.out_steps = out_steps 

    self.units = units 

    self.lstm_cell = tf.keras.layers.LSTMCell(units) 

    # Also wrap the LSTMCell in an RNN to simplify the `warmup` method. 

    self.lstm_rnn = tf.keras.layers.RNN(self.lstm_cell, return_state=True) 

    self.dense = tf.keras.layers.Dense(num_features) 

 

  def warmup(self, inputs): 

    # inputs.shape => (batch, time, features) 

    # x.shape => (batch, lstm_units) 

    x, *state = self.lstm_rnn(inputs) 

 

    # predictions.shape => (batch, features) 

    prediction = self.dense(x) 

    return prediction, state 

 

  def call(self, inputs, training=None): 

    # Use a TensorArray to capture dynamically unrolled outputs. 

    predictions = [] 

    # Initialize the LSTM state. 

    prediction, state = self.warmup(inputs) 

    # Insert the first prediction. 

    predictions.append(prediction) 

 

    for n in range(1, self.out_steps): 

      # Use the last prediction as input. 

      x = prediction 

      # Execute one lstm step. 

      x, state = self.lstm_cell(x, states=state, training=training) 

      # Convert the lstm output to a prediction. 

      prediction = self.dense(x) 

      # Add the prediction to the output. 

      predictions.append(prediction) 

 

    # predictions.shape => (time, batch, features) 

    predictions = tf.stack(predictions) 

    # predictions.shape => (batch, time, features) 

    predictions = tf.transpose(predictions, [1, 0, 2]) 

    return predictions 
 

 

 


