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Abstract. Traffic congestion causes heavily energy consumption, car-
bon dioxide emission and air pollution in cities, which is usually created
by cars searching on-street parking spaces. Drivers are likely to move
slowly and waste time on the road for an available on-street parking
space if parking slot availability information is not revealed in advanced.
Therefore, it is necessary for city councils to provide a car parking avail-
ability prediction service which could inform car drivers vacant parking
slots before they start the journey. In this paper, we propose a novel
framework based on recurrent network and use the long short-term mem-
ory (LSTM) model to predict parking multi-steps ahead. The core idea
of this framework is that both the occupancy rate of on-street parking
in a specific region and car leaving probability are exploited as predic-
tion performance metric. A large real parking dataset is used to evaluate
the proposed approach with extensive comparative experiments. Exper-
imental results shows the proposed model outperform the state-of-art
model.

Keywords: Internet of Things · Recurrent neural networks ·
Parking occupancy · Parking sensors · Smart city

1 Introduction

Traffic congestions leads to air pollution, green house gas emission and energy
consumption in central business district (CBD) areas. More than one-third of
congestions are caused by parking space searching tasks [1,10]. A data-driven
and robust solution for parking availability prediction can guide the drivers,
thereby reducing traffic congestions and the time cost. However, such solutions
cannot be proposed without network infrastructure in the past.

The concept of smart cities becomes possible with the emergence of the Inter-
net of Things (IoT), which integrated the networks into interconnected objects
such as sensors. Recently, many cities placed Internet of Things (IoT) devices in
parking spaces around CBD areas which can record parking event and then send
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these events to control centre in real-time way. The data collected by those IoT
sensors consists both spatial and temporal information, which raise the neces-
sity for a spatio-temporal data processing system. Various systems developed for
providing parking information ahead have been proposed by researchers in last
few decades [5–7,9–12].

It is challenging to establish a smart parking prediction system with histori-
cal time-series sensor data. Firstly, parking events depends on many factors such
as time, day of week, weather, special events, holidays, and etc. There is almost
no real time information about free parking spots with those factors. Secondly,
although in areas with internet-connected parking meters providing informa-
tion on availability, those data are not well organized for querying or searching.
Finally, with the constructions and new plans proposed by city councils, the
location and demand of parking changes rapidly, so the new and well-equipped
system is at risk of being outdated as soon as it has been built.

Existing works usually applied conventional machine learning methods and
time-series models to predict both parking occupancy and duration with col-
lected sensor data. With increasing amount of time-series sensor data, the perfor-
mance of traditional regression model cannot catch up with deep neural networks
as deep neural network can approximate any linear or non-linear complex func-
tions with enough samples. Comparatively speaking, the traditional regression
model needs to choose the right kernel or features [13]. Hence deep learning tech-
niques could be employed to predict the occupancy especially for feed-forward
networks [5,9]. However, simple feed-forwards neural networks are not able to
incorporate temporal domain information, which is important to parking pre-
diction especially for duration problem.

Recurrent neural networks (RNN) [14] is a class of neural networks that
exploit the sequential nature of their input, which is widely applied to many
time dependent problems such as electricity consumption, text prediction and
POS tagging. The input of all of these problems are time dependent. That is, the
value of occurrence of an element in the sequence is depended on the elements
which appears before. Parking duration and occupancy data are both time series
data [5,9]. The occurrence of parking events are highly depended on the end time
of the last event and the time in a day [15]. Therefore, the parking occupancy
or duration time can be estimated by RNN and its variants if we can apply the
different training model to different time spans and regions.

In this paper, we propose a novel two-steps approach to estimate the parking
occupancy and duration time with recurrent neutral networks. Firstly, we divide
the complete temporal dimension to a couple of time slots with temporal features.
By using temporal clustering methods, these features has significant impacts on
the parking event model. Secondly, we train the LSTM [16] model which are
variants of simple recurrent neural networks to fit for each cluster. Finally, we
predict the parking occupancy and duration time with temporal information and
the corresponding trained deep learning model.
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In this paper, we make the contribution as follows:

– We analyze the duration problem with hazard-based free parking duration
modeling and fit the distribution with the regression model.

– We transform the parking events data to time-series data and apply a novel
two-step approaches to predict parking occupancy and duration time.

– We first use the LSTM model to predict the parking availability to our best
knowledge.

– We evaluate the performance of our proposed model and compare it with
state-of-art approach with a large real-world parking dataset.

The rest of this paper is organized as follows. The related work is discussed in
Sect. 2. We present the novel framework of the model and details of the two-step
algorithm in Sect. 3. This is followed by an evaluation of the approach in Sect. 4.
Section 5 provides a discussion and possible future works.

2 Related Work

There is an extensive body of research on helping drivers in the CBD areas
to find an available car slot. The main idea of those works is to establish a
probabilistic model or apply machine learning algorithms to video-based [11]
or sensor-based time series data [5] and train a predictive model for parking
occupancy or duration.

Traditional regression model are most obvious option in time-series prediction
[2,3]. Zheng et al. proposed many strategies include polynomial fitting, Fourier
series and k-means clustering and tested on parking occupancy data published
by the Birmingham city council [6]. The result is acceptable if we consider the
model only need five parameters. Compared with machine learning techniques,
those works does well in the case with limited amount of data or time series data
are easy to fit by a kernel based model.

Markov model is a popular probabilistic model in parking prediction area.
Ford Motor company [10] built a on-street parking system to predict the park-
ing occupancy level based on queuing theory model which take advantage of a
transient probability model and K-means clustering algorithm. Tilahun et al.
proposed a cooperative multi-agent system to predict the parking availability
with dynamic Markov chains [1]. They constructed a data transition matrices
based on previous data and learning the transition matrix with each iterations.
A continuous time Markov chain was used in [23] to predict the available park-
ing space by connecting the parking garage and the navigation system of cars.
Markov chain based model exploits temporal information in the parking events
include arriving and departure. However, transition matrices are not fixed with
different period and locations. It also cannot approximate some complex func-
tions mapping from time and events.

Neural networks are also widely used in time series event prediction model
[4,5,17,18,26]. Reference [5] predicts the occupancy rate with a static MLP
model which was used in traffic flow estimation [24]. It is accomplished with
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adding a memory structure to classical MLP. Hence, such static MLP can also
predict short-term time-series event. Pengzi et al. [9] firstly analyzes the parking
dataset collected by sensor located in Xi’an, China. It uses BP neural network
which belongs to nonlinear dynamic system and GA-BP neural network which
have the optimized initial weights and thresholds to carry on the data analysis
to the above five parking lots.

Recurrent neural networks, or RNNs [14], are a family of deep learning neural
networks which is mainly to process the sequential data. Unlike the feed-forward
neural networks, such as the multilayer perceptron (MLP) which is most popular
neural networks used in parking prediction, RNNs share the same set of param-
eter across the different parts of the model. With powerful prediction ability,
RNNs have been applied to many sequential data based research areas such as
text generation [19], power forecasting [20] and dynamic mortality risk predic-
tions [21]. It has been proved to be a powerful sequential event prediction neural
networks in the last few years. However, they are never used in parking avail-
ability prediction. LSTM [16] architecture is one of the most popular variant of
RNNs. It is capable of learning long term dependencies and widely used in a large
variety of problems as it addresses the problems such as vanishing and exploding
gradients in the training stage of simple RNNs [22]. Therefore, we firstly use this
model to predict both occupancy and duration for parking spaces.

3 Parking Availability Prediction Model

3.1 Overview of Parking Prediction Architecture

Parking occupancy and duration time are two main indicators to define the
parking efficiency [5]. Occupancy Ot indicates the percentage of parking spaces
in a selected region during a predefined time period. Duration Dt is used to
measure the average time duration that a parking slot is free, over a certain
time period.

Fig. 1. Functional architecture of the proposed parking prediction scheme.
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Figure 1 illustrates the framework of proposed parking prediction system.
It mainly consists of two modules: (1) occupancy prediction module and (2)
duration estimation module. We firstly investigated the parking data and found
that occupancy rates for different regions are significantly different even at the
same time. However, the duration time for different areas are similar. Therefore,
we applied the clustering algorithm to spatio-temporal parking data and grouped
around 3000 on-street parking spaces into regions with similar patterns. For
each region, occupancy was calculated and transformed to the input data of
neural networks. An unique models has been trained for corresponding area and
a standard evaluation metric is used to measure the performance of the model.
Once model trained, we can apply current time t and previous occupancy records
Ot, Ot−1, ..., Ot−n in the specific region i to corresponding LSTM model and get
the predicted occupancy Ot+k at time t + k.

For the other part, we did not use clustering method for different regions of
data as all duration model are similar. We directly applied the regression model
to learn the functions between time and density probability. The output of the
regression model can be visualised in the specific region with heatmap.

Using both predicted duration time and occupancy rate, we can offer drivers
a most likely empty parking space ahead.

3.2 Clustering Methodology

As the distribution of occupancy rate with time is different for each region in the
CBD area, it is necessary to group similar parking slots before learning process.
K-means clustering is a popular clustering method in data mining area. It aims
to partition samples into k clusters in which each sample belongs to the cluster
with the highest similarity [25]. In the occupancy rate estimation problem, each
group of parking slots needs to have the similar trend. However, we can observe
that occupancy rates for different regions are not similar in Fig. 2.

Figure 2 shows that occupancy rate varies with time. The occupancy rates
are close to zero from midnight to the morning. The peak values of Ot happens
in the noon and the second peak time is around 6 pm. Although occupancy
rates in different regions have the similar trend, the value of each region is
significantly different. Therefore, selecting similar parking slots and training the
occupancy prediction model for each group of parking spaces is likely to boost
the accuracy. We used the time series data of each parking slot as the input
features and applied k-means with k = 30 to group 3000 parking slots into 30
groups.

However, for duration period prediction, there is no obvious difference among
regions which is shown in Fig. 3. Each line in Fig. 3 denotes the probability
density of duration time of one region, which shows that all curves are similar.
Hence, the clustering method is not necessary to be applied to parking spots for
duration time estimation.



Parking Availability Prediction with Long Short Term Memory Model 129

Fig. 2. Hourly evolution of parking occupancy for 30 regions (%). The line graph
indicates the mean value of occupancy for all regions.

Fig. 3. Probability density function of duration time for each region.
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3.3 Recurrent Neural Networks and Long Short Term Memory

Many time-series models have been used in parking prediction problem. Both
Markov model and neural network are popular in predict time-dependent events
as they relax many of constraint such as linearity, stationariness. Neural networks
perform well in prediction problem especially with a large number of available
samples. One of the latest work proposed by Vlahoginni [13] uses the static
Multilayer Perceptron (MLP) to predict the parking occupancy. They modified
the conventional MLP with a recurrent neural network structure. However, such
modification is not naturally compatible with feed-forward networks.

The recurrent neural network is a family of the neural network which is natu-
rally used to solve time-dependent event prediction problem. Parking occupancy
can be regarded as a dynamical system as follow:

s(t) = f(st−1; θ) (1)

where st denotes the state of the system. Equation 1 suggests that current state
st depends on last state st−1 and a hidden state θ. Figure 4 illustrates the basic
structure of recurrent neural networks. At each time t, each cell has an input vt

and an output yt. Part of yt is fed back into the cell for use for next step t + 1,
and ht denotes the hidden state. The input vt, output yt and hidden state ht

are associated with a weight matrix. The training process is to adjust the weight
matrix with sequential samples.
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Fig. 4. Recurrent neutral network structure.
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The LSTM is a variant of RNN that is capable of learning long-term depen-
dencies. LSTM also implement the recurrent structure as what simple RNN does.
However, LSTM adds four gates to inoperative all cell states. There are three
main gates called input gate, forget gate and output gate for input state, hidden
state and output state, respectively. The other gate is a sigmoid function which
is used to modulates the output of these gates. The basic stricture of LSTM is
illustrated in Fig. 5.

ct

Cell

× ht×

×

ft Forget Gate

itInput Gate otOutput Gate

xt

xt xt

xt

Fig. 5. Long short term memory structure.

In this paper, we use the similar configuration of static MLP [5]. The input of
neural networks is a sequential value of occupancy rate O(t) = {O(t−τ), ..., O(t−
(m− 1)τ)}. Where τ is the delay and m denotes the time step. The output is a
sequence of occupancy value as well. Therefore, the parking occupancy prediction
problem is a classical many to many LSTM based problem.

3.4 Regression Model

Duration time can be estimated with a non-linear regression model. As we shown
above, this model does not rely on the location of parking slots. Therefore, we
apply a unified model to all parking slots. However, some works [5,18,27] showed
that the distribution of duration time changed with the temporal information
such as weekdays and weekends, morning or evening. In order to keep the model
as simple as possible, we only consider three factors: the day in a week, occu-
pancy rate and time in a day. We use the nonlinear least square to estimate the
probability density function of duration time with the corresponding regression
model based on three factors above.
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4 Experiments

4.1 Data Set

Parking events data were collected from more than in-ground 3000 sensors which
were placed in each on-street parking slot around Melbourne CBD area. The
sensors is able to detect the parking sites availability and report parking events
to the central system. A total number of 12, 208.178 parking events have been
recorded in a year (2011–2012). Melbourne city council has published the parking
dataset, and many works have been done with such parking dataset [6,15]. The
relevant features in this dataset are listed in Table 1.

Table 1. Features of Melbourne parking dataset.

Features Description

Area name The region parking slot belong to

Arrive time The start time of car parking event

Departure time The end time of car parking event

Duration time The period between the arrival and the departure event

Longitude Geographical information

latitude Geographical information

Figure 6 shows all geographical locations of placed sensors. The locations of
all parking slots have been divided into many areas and labelled with colour.
Limited by the space, only CBD area parking slots are shown in the figure.

Fig. 6. Parking sensors located in different areas of Melbourne. (Color figure online)
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4.2 Parking Occupancy Prediction

In this section, we conducted two experiments on occupancy prediction. In the
first experiment, we compared the statistical results from prediction models
with clustering and without clustering. In the second experiment, we applied
our approaches to parking dataset and compared it with one of the state-of-art
approaches called static MLP which is also used to predict the occupancy of
parking [5].

A unique LSTM for each parking region is trained to predict overall occu-
pancy of parking slots using historical records which were represented as a couple
of time-series data. The input space of each LSTM was a sequential temporal
data. In both experiments, we use a 10 min time window data as the input fea-
tures. The output spaces were from 1 min to 30 min. That is, all models is able to
predict parking occupancy from 1 to 30 min ahead. In the train-and-test session,
we use 80–20 train and test split.

In order to compare with other works, we use the same evaluation metric
which are used for occupancy prediction in work [5] as below:

– Mean absolute error (MAE): 1
N

∑N
i=1 |ŷi+τ − yi+τ |

– Root mean squared error (RMSE):
√

1
N

∑N
i=1 (ŷi+τ − yi+τ )2

– Mean absolute percentage error (MAPE): 1
N

∑N
i=1

(ŷi+τ −yi+τ )

yi+τ

– Root relative squared error (RRSE):

√
1
N

∑N
i=1

(ŷi+τ −yi+τ )
2

yi+τ
/

√
1
N

∑N
i=1

(ŷi+τ −yi−τ )
2

yi+τ

where yi+τ denotes the actual value and ŷi+τ denotes the predicted value with
sample i from 1 to N. τ is the timestep and N is the number of samples. yi−τ

denotes the last known occupancy rate.

Clustering Comparison. In the clustering stage, we applied the k-mean
(k = 30) to all parking slots and used the parking availability state 1 or 0
at every minute t as features.

Figure 7 shows the hourly occupancy rate for three different clusters. It shows
that the mean value of parking occupancy of each region is significantly different
from each other, which also support our assumption before that the shape of
occupancy rate curses vary with the locations of parking space. Therefore, we
train each cluster or region with a unique LSTM model.

Table 2 compares the parking occupancy prediction result from non-
clustering approach and clustering based approach. Obviously, prediction result
with the specific model for each region divided by the cluster method is better
than using the original region division. In this table, raw data means the using
data were not divided by clustering methods but original region division which
is given by city council. We use the mean value of parking occupancy rate of
different regions and four prediction result (1, 5, 15, 30 min).
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Fig. 7. Hourly evolution of parking occupancy for 3 random selected regions (%). The
line graph indicates the mean value of parking occupancy rate for each region.

Table 2. Results for prediction horizons for parking regions (Mean Value) with clus-
tering and without clustering.

Prediction horizon

1 min 5 min 15 min 30 min

raw data k-means raw data k-means raw data k-means raw data k-means

MAE 0.025 0.019 0.041 0.033 0.042 0.048 0.068 0.065

RMSE 0.030 0.023 0.051 0.040 0.051 0.058 0.078 0.075

MAPE 0.047 0.036 0.080 0.062 0.081 0.092 0.130 0.124

RRSE 2.148 1.640 3.618 2.874 3.562 4.010 5.295 5.135

Prediction Result Comparison with Static MLP. In the second exper-
iment, we test LSTM model and static MLP with clustering results. Table 3
shows LSTM model outperforms the static MLP for predicting the occupancy
in 1 min, 5 min and 30 min in all metrics. Static MLP performs slight better in
15 min prediction. It suggests that LSTM is better at parking occupancy predic-
tion in general as LSTM is developed with leveraging temporal dependency and
static MLP cannot fully use all dependency.

Table 3. Results for prediction horizons for parking regions (Mean Value) by proposed
method and static MLP.

Prediction horizon

1 min 5 min 15 min 30 min

LSTM Static-MLP LSTM Static-MLP LSTM Static-MLP LSTM Static-MLP

MAE 0.018 0.025 0.034 0.042 0.047 0.042 0.062 0.064

RMSE 0.022 0.030 0.041 0.053 0.057 0.051 0.072 0.076

MAPE 0.035 0.047 0.065 0.082 0.090 0.081 0.117 0.122

RRSE 1.524 2.062 2.884 3.657 3.893 3.518 5.027 5.260
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4.3 Duration Time Factors

We develop the free parking space duration time models with nonlinear least
square function. In this experiment, we evaluate the influence of three factors on
duration time probability distribution: the day in a week, occupancy rate and
the time in a day on duration time.

Fig. 8. Probability density function of duration time based on factors (day in a week,
occupancy rate and time in a day).

Figure 8 shows the probability density function of duration time grouped
by three different factors. The horizontal axis denotes the duration time by
minutes and vertical axis denotes the probability density. We observe that none
of three factors significant influences the probability density of duration time.
Therefore, we think it is reasonable to apply one unified duration regression
model to estimate the probability of car leave with a certain duration time.

5 Conclusion and Future Work

In this paper, we exploited a large real-world dataset and proposed a framework
to predict the parking availability with LSTM and clustering techniques. The
framework consists of two modules: parking occupancy prediction and duration
time estimation. In the parking occupancy module, we introduce a popular recur-
rent neural networks called LSTM to learn the pattern of the occupancy rate of
each region clustered by k-means. For duration time estimation module, we use
the regression analysis method to estimate the probability of car leaving with
time t and evaluate the potential influential factors. The proposed framework
has been used for comparison with the state-of-art work and perform better, in
general, using a large real-world parking dataset.

There are some weakness of this paper and needed to be solve in the future.
Firstly, estimating the duration time should be integrated with occupancy pre-
diction. In this paper, both occupancy prediction and duration time are shown
separately to drivers. In the future, we hope we can develop an intelligent system
which can employ context information and guide the drivers with an optimised
solution for parking and route planning.



136 W. Shao et al.

From methodology view, proposed approaches could be improved. k-means is
good at solving the clustering problem with a certain number of cluster. However,
in parking problem, the best number of regions is uncertain, which is needed to be
decided by the size of the specific parking area and nearby context information.
A more suitable clustering method is needed for cluster spatio-temporal interval-
based data such as parking data [27]. From the learning perspective, we only use
the basic LSTM to learn the pattern of time-series events. With recent rapid
evolution for deep learning techniques, more powerful and suitable recurrent
neural networks are proposed to solve such problems with faster speed and higher
accuracy. Therefore, using different techniques to improve the effectiveness and
the efficiency of the system should be in the future plan.
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