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Abstract—There are plenty of parking spaces in big cities, but we often find nowhere to park. For example, New York has 1.4 million

cars and 4.4 million on-street parking spaces, but it is still not easy to find a parking place near our destination, especially during peak

hours. The reason is the lack of prediction of parking behavior. If we could provide parking behavior in advance, we can ease this

parking problem that affects human well-being. We observe that parking lots have periodic parking patterns, which is an important

factor for parking behavior prediction. Unfortunately, existing work ignores such periodic parking patterns in parking behavior

prediction, and thus incurs low accuracy. To solve this problem, we propose PewLSTM, a novel periodic weather-aware LSTM model

that successfully predicts the parking behavior based on historical records, weather, environments, weekdays, and events. PewLSTM

includes a periodic weather-aware LSTM prediction module and an event prediction module, for predicting parking behaviors in regular

days and events. PewLSTM is extremely useful for drivers and parking lot owners to improve customer experience. For example, the

probability of parking space that will be available soon can be provided even if the parking lot is full. Based on 910,477 real parking

records in 904 days from 13 parking lots, PewLSTM yields 93.84% parking prediction accuracy, which is about 30% higher than the

state-of-the-art parking behavior prediction method. Additionally, we have analyzed parking behaviors in events like holidays and

COVID-19. PewLSTM can handle parking behavior prediction in events and reaches 90.68 percent accuracy.

Index Terms—Periodic, weather-aware, LSTM, event mechanism, parking behavior prediction, COVID-19

Ç

1 INTRODUCTION

WE often find it hard to find a parking space in big cit-
ies. However, in building cities, designers usually

reserve enough parking spaces. For example, New York
has at least 4.4 million on-street parking spaces [1], but
has only 1.4 million cars [2]. The reason why it is not easy
to find a parking place, especially during peak hours, is
the lack of prediction of parking behavior. In this paper,
for a parking lot, we express parking behavior as the
number of parking arrivals and departures in one hour,

which can also be converted into the number of available
parking spaces. Clearly, if we could provide the parking
behavior in advance, we can ease such a parking problem
that affects human well-being.

AI technology has transformed our everyday lives in
many aspects, and now AI is shaping our parking behavior.
More intelligent parking lots with AI management systems
appear in our cities. Among the intelligent parking manage-
ment systems, providing the parking behavior prediction is
the most critical and beneficial function. First, accurate pre-
dictions can save us time and effort to find a proper parking
space. For example, a motorist in New York spends an aver-
age of 107 hours per year on finding a parking space [3],
while such time waste could be saved when we obtain the
parking behavior for the expected parking lots in advance.
Second, based on the precise parking behavior prediction,
the parking lots can be utilized more efficiently, and park-
ing space reservations can also be made based on the pre-
diction. Third, based on the parking behavior prediction,
the department of transportation is better able to under-
stand the traffic conditions and dispatch resources such as
traffic police. However, parking behavior is hard to predict,
since it can be affected by many factors, such as weather,
weekdays, and environments.

Many intelligent parking methods and systems have
been developed in recent years, such as pricing parking [4],
on-street parking [5], smart vehicle parking [6], and smart
parking guidance [7]. However, none of these works
involve parking behavior prediction. A real-time parking
space availability system [8] has been developed, but this
work only considers historical records. The state-of-the-art
parking behavior prediction research [9] used regression
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methods regarding parking records and weather. However,
we find that their method only considers parking arrivals
without departures, and ignores the periodic parking pat-
terns, which incurs low accuracy. Even worse, they can only
predict parking behavior in one hour, while we are looking
forward to a long-term prediction.

Building an accurate long-term parking behavior predic-
tion system requires overcoming four challenges. The first
challenge is to find an appropriate model that can under-
stand the complicated parking-related behaviors by using
historical records and other factors such as weather and
time information. The second challenge is how to involve
the complex periodic parking patterns, including the influ-
ence from a specific time in the past. For example, custom-
ers would like to drive to a shopping mall every Friday
night for discounts, and such patterns should be integrated.
The third challenge is how to predict parking behavior for a
long time in the future with the current data. The fourth
challenge is how to predict parking behavior in events.

We propose PewLSTM, a periodicweather-aware LSTM
model for long-term car parking behavior prediction.
PewLSTM is extremely useful for drivers and parking lot
owners to improve customer experience. For example, the
probability of parking space that will be available soon can
be provided even if the parking lot is full. Our preliminary
work has been presented in [10], which supports only daily
parking behavior prediction, and we extend it to support
parking behavior prediction in events in this work. In con-
trast to [10], we develop novel technologies for PewLSTM
to predict parking behaviors in events, because large-scale
events, such as festival activities and COVID-19 [11], also
have a great impact on parking behaviors. We analyze regu-
lar events such as new year, and unexpected events such as
COVID-19 in this paper. When impactful events happen,
PewLSTM switches to the new event prediction module for
parking behavior prediction in events. Moreover, we add
new optimizations on data preprocessing, accuracy tuning,
and performance acceleration to improve both accuracy and
performance, and conduct new experiments on PewLSTM
to verify the performance benefits from our new optimiza-
tions with larger datasets.

Our system consists of four parts: an input layer with a
classifier, a deep PewLSTM module, an event prediction
module, and an output layer integrated with a linear layer.
First, to depict the parking behavior for a parking lot, we
use both the arrivals and departures, because these two
indicators depict changes in parking vehicles. Second, to
involve weather information, we add input gates for
weather information into the LSTM block. The cell state and
hidden state are decided by both previous states and
weather information. Third, to utilize the periodic parking
patterns from historical records, we add special gates into
the LSTM block to input the hidden states from past specific
time steps when certain conditions are met, such as the
same time in previous weekdays. Fourth, to predict parking
behavior in events, we build a polynomial model to analyze
the events in history. For parking behavior prediction in
events, we find the patterns in history, perform polynomial
model fitting, and then perform model adaptation.

Our proposed periodic weather-aware LSTM with event
mechanism, PewLSTM, has been integrated into a real

parking system, ThsParking [12] (developed by Huaching
Tech1), which is one of the top smart parking platforms in
China. Based on the prediction, the parking system can
launch a segmented pricing strategy to utilize parking
spaces better and gain more profit.

We evaluate PewLSTM with real parking records. We
collect 910,477 parking records from 13 parking lots. These
records come from different environments, including hotels,
shopping malls, and streets. Along with these parking
records, we have collected related weather and date infor-
mation. When predicting parking behavior in the next hour,
PewLSTM achieves 93.84% arrival accuracy and 93.34%
departure accuracy. For the next two hours, PewLSTM
achieves 76.78% arrival accuracy and 73.45% departure
accuracy. For the next three hours, its arrival accuracy is
67.54% and its departure accuracy is 67.48%. On average,
PewLSTM achieves 30% higher accuracy than the state-of-
the-art parking prediction method [9].

We further evaluate PewLSTM in supporting parking
behavior prediction in events. We have analyzed the park-
ing behaviors in regular events like holidays, and unex-
pected events like coronavirus pandemic (COVID-19) [11].
We develop solutions to identify events based on historical
records and perform prediction for parking behaviors in
events in the future. In our experiments, we measure the
prediction accuracy at day granularity for the event one to
three months ahead. For the one month ahead prediction,
PewLSTM achieves 89.52 percent accuracy. For the two
months ahead prediction, PewLSTM achieves 90.68 percent
accuracy. For the three months ahead prediction, PewLSTM
achieves 89.89 percent accuracy.

We summarize our contributions as follows.

� We exhibit our observations, insights, and rules
about the periodic patterns from different parking
records, types of parking lots, and weather factors.

� We propose PewLSTM, a periodic weather-aware
LSTM with event mechanism, which incorporates
the weather and periodic parking patterns for park-
ing behavior prediction.

� We analyze the parking behaviors in events, includ-
ing regular events like holidays and unexpected
events like COVID-19, and provide our solution.

� We evaluate PewLSTM with real parking records
and it achieves 93.84% accuracy, which is about 30%
higher than the state-of-the-art method.

2 BACKGROUND

As far as we know, this work is the first to use the LSTM-
based method to predict parking behavior by using records
along with weather information.

2.1 Vehicle Parking

Many studies have been conducted on different aspects of
vehicle parking, including parking demand prediction [13],
smart parking guidance [7], [14], [15], parking space pre-
diction [8], [16], [17], [18], [19], [20], and parking behavior
prediction [9]. The regression-based parking behavior

1. http://www.huaching.com/
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prediction [9] is the closest work to PewLSTM, which also
considers weather conditions. They explored linear regres-
sion [21], ridge regression [22], Lasso regression [23], deci-
sion tree [24], and random forest [25] to predict the parking
arrivals in one hour, and found that random forest achieves
the highest accuracy.

However, the work [9] has three limitations. First, it pro-
vides the prediction for only parking arrivals, without depar-
tures. Departures are equally important as to arrivals, and
they together define the parking behavior. Second, it does
not provide the prediction results for more than one hour,
which limits the applicability, since users may plan to book a
parking space in an uncertain future. Third, their method
fails to capture the periodic patterns from long periods. For
example, the parking space availability may have strong cor-
relations with previous parking patterns, such as weekday
and holiday patterns. Even worse, the work [9] used records
from only one parking lot for validation, which cannot repre-
sent all parking lots. Different types of parking lots exhibit
various parking behaviors, and the locations of parking lots
have a high influence on parking behaviors. For example, in
holidays, the parking lots near a shopping mall are busy
while the parking lots in an industrial area are idle.

2.2 Recurrent Neural Network

Recurrent neural network (RNN) [26] is a neural network that
incorporates temporal sequence data as input. RNN performs
recursion along the temporal sequence. Long Short-TermMem-
ory (LSTM) [27] is a kind of RNN and its basic unit is a cell or
called LSTM block. An LSTM block is usually composed of
input gates, forget gates, and output gates, which can capture
the complex non-linear relations among different factors. LSTM
has been applied to different aspects of our daily life, such as
financial market prediction [28], disease progression model-
ing [29], predictive phenotyping [30], text categorization [31],
and sentiment analysis [32]. Particularly, LSTM conquers the
limitations that the state-of-the-art parking behavior prediction
method [9] fails to consider from long and short terms.

A typical LSTMmodel can be formulized as the following
equations, where at the time step t, ht represents the hidden
state, xt represents the input vector, ct represents the cell sate,
and ft, it, and ot are the forget gate, input gate, and output
gate. W and b are related to weight matrices. Additionally, s
indicates the sigmoid activation function, � indicates ele-
ment-wisemultiplication, and f indicates the tanh function.

fft ¼ sðWfxxxt þWfhhht�1 þ bbfÞ
iit ¼ sðWixxxt þWihhht�1 þ bbiÞ
ggt ¼ fðWgxxxt þWghhht�1 þ bbgÞ
oot ¼ sðWoxxxt þWohhht�1 þ bboÞ
cct ¼ ggt � iit þ cct�1 � fft

hht ¼ fðcctÞ � oot:

(1)

3 OVERVIEW

3.1 Problem Definition

The problem we are trying to solve is how to predict the
parking behavior for a given hour in the future by using the
previous parking records and weather information.

Parking Behavior Definition. In this study, the parking behav-
ior for a parking lot is definedby its arrivals anddepartures, as
shown below.N represents the natural number domain.

� Arrivals. The sequence of the number of arrivals for
the past K time steps is CC ¼ ct�K; . . . ; ct�2; ct�1f g 2
NK , where t represents the current time and ci repre-
sents the parking number of arrivals of the past ith
hour.

� Departures. The sequence of the number of depar-
tures for the past K time steps is DD ¼ dt�K; . . . ;f
dt�2; dt�1g 2 NK , where t represents the current time
and di represents the parking number of departures
of the past ith hour.

Event Prediction. In this paper, the event prediction refers
to the parking behavior prediction with event influence,
including the arrivals and departures, in the entire event
time frame.

Significance. Different from parking space prediction,
parking behavior prediction contains more information for
both users and owners of parking lots. For example, a park-
ing lot is worth waiting if the number of departures dt is
large, even if the parking lot is full. Note that parking space
prediction is useless in this case since the predicted results
show no vacancy. When we obtain the number of arrivals
and departures for a parking lot, we can further obtain its
growth of parking space usage by subtracting the amount
of departures from the amount of arrivals, which is very
useful for smart parking systems.

3.2 System Overview

We show our system overview in Fig. 1. Our system consists
of four parts: an input layer with a classifier, a deep
PewLSTMmodule, an event prediction module, and an out-
put layer integrated with a linear layer. The classifier along
the input layer provides the probability pti of an event at
time t by cosine similarity [33], presented in Equation (2),
where ds and di represent standard and current input. The

Fig. 1. System overview.
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deep PewLSTM module and event prediction module are
the major components of our system. The deep PewLSTM
layer consists of PewLSTM blocks, which predicts periodic
weather-aware parking behaviors. The event prediction
module predicts the parking behaviors in events. Both the
results from LSTM module and event prediction module
are fused as outi and then fed to the output layer.

ppti ¼
1

2
1� dds � ddi

kddskkddik
� �

ppt ¼ ppt1 ; ppt2 ; . . . ; pptn
� �

outoutt ¼ hht � ðee� pptÞ þ vvt � ppt
rrt ¼ Wrooutoutt þ bbr:

(2)

3.3 Workflow

The workflow of our system prediction is as follows. First,
the parking records and weather data are input into the
input layer. The input layer preprocesses the input data and
outputs to both the deep PewLSTM layer and event predic-
tion module. The deep PewLSTM layer outputs the gener-
ated data to the output layer. If the event prediction module
identifies a special event, the module also outputs the event
prediction results to the output layer. The output layer ana-
lyzes its input and generates the final results.

In the following sections, Section 4 shows how to predict
periodic weather-aware parking behaviors. Section 5 shows
the parking behavior prediction in events. Section 6 shows
our optimizations.

4 PERIODIC WEATHER-AWARE PARKING

BEHAVIOR PREDICTION

4.1 Observations

In this part, we exhibit our parking behavior observations
and analysis, which are also the motivation of this work.

Data. We collect both parking and weather data. For parking
data, we collect 910,477 real parking records from 13 parking
lots (detailed in Section 7.1). In our study,we reduce the analysis
granularity to one hour, which is the same as [9]. In this section,
weuse roughly theparking counts of arriving cars in theparking
lot within one hour as an indicator to reflect the parking behav-
ior. Forweather information,we collect theweatherdata, includ-
ing temperature, humidity,wind speed, and precipitation.

Observation 1: Periodic Parking Patterns. Periodic park-
ing patterns refer to that the arrivals and departures of a
parking lot repeat in a cyclical and predictable manner.
We find that most parking lots follow certain periodic
parking patterns. For illustration, we show in Fig. 2 the
parking counts at hour granularity for parking lot P2
(see Table 1), which is close to a commercial street.
Fig. 2 shows that the parking lot follows a pattern that it
is busy during the day (from 9am to 9pm). The reason is
that the nearby shops open at 9am and close at 9pm.
People go to these shops during the day and this activity
lasts until the evening. Similar periodic parking patterns
also exist at week and month granularities.

Observation 2: Types of Parking Lots. The types of parking
lots also make the parking behaviors different from each
other. For illustration, in Fig. 3, we show the parking counts
of two parking lots: the parking lot P4 located in an indus-
trial park, and the parking lot P6 located near a market (see
Table 1). We can see that these two parking lots show totally
different behaviors. For explanation, people drive to work
during working days, so P4 is busy only from Monday to
Friday. In contrast, people tend to go to the market on week-
ends, so P6 is busy on Saturday and Sunday. Moreover, we
can analyze the parking lots from the two categories: 1)
mandatory for living, and 2) entertainment. The parking
lots that relate to mandatory for living usually exhibit
strong periodicity and have relatively low correlation with
weather conditions. In contrast, the parking lots that relate
to entertainment are more likely influenced by other factors.
P4 is located in an industrial park, which belongs to manda-
tory for living, while P6 is near a market, which relates to
entertainment. We can see that P4 shows a more regular
parking behavior waveform.

Fig. 2. Periodic parking patterns for P2 at hour granularity.

TABLE 1
Parking lot Information

Parking Lot Space# Start Time End Time Record# Surrounding Location (district/city/province)

P1 23 2017/10/16 2019/10/6 22,955 hotel Haishu, Ningbo, Zhejiang
P2 87 2017/10/20 2020/4/7 280,687 commercial street Haishu, Ningbo, Zhejiang
P3 9 2018/6/29 2020/4/7 38,509 shopping mall Yinzhou, Ningbo, Zhejiang
P4 62 2019/3/12 2020/4/7 13,476 industrial park Yinzhou, Ningbo, Zhejiang
P5 46 2017/11/6 2019/9/11 29,131 hotel Yinzhou, Ningbo, Zhejiang
P6 16 2018/4/27 2019/8/24 32,009 market Yuelu, Changsha, Hunan
P7 31 2018/5/9 2019/8/22 49,708 market Yuelu, Changsha, Hunan
P8 27 2018/5/29 2020/4/7 63,502 shopping mall Yuelu, Changsha, Hunan
P9 49 2018/6/22 2020/4/7 55,631 shopping mall Yuhua, Changsha, Hunan
P10 65 2018/12/25 2020/4/7 38,581 community Yuhua, Changsha, Hunan
P11 11 2018/12/19 2020/4/7 10,156 commercial street Yuhang, Hangzhou, Zhejiang
P12 152 2018/5/11 2020/4/7 140,034 commercial street Yuhang, Hangzhou, Zhejiang
P13 114 2018/6/27 2020/4/7 136,098 shopping mall Yuhang, Hangzhou, Zhejiang
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Observation 3: Influence of Different Weather Factors on Park-
ing Behavior. The parking behavior exhibits different correla-
tions with various weather factors. For illustration, we show
in Fig. 4 the average parking count of the parking lot P3 (see
Table 1), which is close to a shopping mall. We show the
relationship between the parking count and the relative
humidity in Fig. 4a, which implies that the parking behavior
has a clear relationship with the relative humidity. There are
two parks and a restaurant near this parking lot. Fig. 4a fur-
ther implies that people are more willing to go to these pla-
ces in dry weather instead of wet weather. We show the
relationship between parking count and wind speed in
Fig. 4b. We find that for this shopping mall, the wind speed
shows less correlation with parking behavior.

Challenges. We meet two challenges in applying LSTM in
parking behavior prediction in this part. The first is how to
involve periodic parking patterns since typical LSTM does
not have the periodic design. The second is how to design
the path from sources of parking patterns and weather into
the various parts within the LSTM block.

4.2 Periodic Weather-Aware LSTM Model

In this part, we show our design of PewLSTM for parking
behavior prediction and our solutions to the challenges
mentioned in Section 4.1.

Model Overview. We show the model overview of
PewLSTM for parking behavior prediction in Fig. 5. To
involve the periodic parking patterns, we add input gates
for hidden states from previous LSTM functions at the same
time at day, weekday, and month granularities. For exam-
ple, for a time t, the current parking behavior may be influ-
enced by the parking behavior at the same time from
previous days (day granularity). Hence, we add a gate for
hidden states from the previous “t� 24 � n” time step,
where n is a positive integer. For example, people would
like to park cars at a parking lot near a restaurant at noon,
and the parking behavior at noon has a strong correlation
with previous behaviors at noon in the past days. The park-
ing behavior may be influenced by the same time from last
week and last month, so we add gates for inputting the time
pattern influence at the same time from the past LSTM
states. As for model input, each LSTM function receives
both weather information and records: for weather input,
we design special gates for receiving weather information,
including temperature, humidity, wind speed, and precipi-
tation. For parking record input, the record includes the
arrival and departure times, date, and weekday informa-
tion. Furthermore, we also add an event prediction module
to predict parking behaviors in events, which shall be dis-
cussed in Section 5.

PewLSTM Block. The LSTM function in PewLSTM is com-
posed of PewLSTM blocks, as shown in Fig. 6. Traditional
LSTM block uses input gate it, output gate ot, and forget
gate ft to control dataflow in LSTM. We argue that for park-
ing behavior prediction, we need to additionally involve 1)
periodic pattern influence and 2) weather information. We
consider these two factors as new gates involved in our
PewLSTM model. We show our periodic weather-aware
LSTM block in Fig. 6. The main difference between our
PewLSTM block and traditional LSTM block lies in the gates
for previous periodic records hday=week=mon and weather
input weathert. First, for periodic time influence, the hidden
states at the same time from previous steps are represented
as hday, hweek, and hmon, and we design a special weight gate

Fig. 3. Different types of parking lots.

Fig. 4. Weather influence on parking behavior for P3.

Fig. 5. Illustration of periodic weather-aware LSTM prediction.

Fig. 6. PewLSTM block.
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d to integrate these hidden input states with ht�1. The
weight gate d iterates continuously during training, adjust-
ing the weight of each parameter in the model to achieve
better results, as shown in Equation 3. Second, for weather
influence, a weather-aware gating mechanism has been inte-
grated into the PewLSTM block, as represented in Equa-
tion 4. We argue that the current weather information,
along with the parking records and the previous parking
patterns together decide the parking behaviors in the future.
Based on this assumption, after a sigmoid function process-
ing, the weather aspect vector et is integrated to ft, it, and
ot. Therefore, the cell state ct and the hidden state ht are
influenced by the previous hidden states, cell states, the cur-
rent weather information, and the periodic patterns.

hho ¼ dðWdhhday þWwhhweek þWmhhmon þWt�1hht�1Þ (3)

eet ¼ sðWeweathert þ bbfÞ: (4)

Input Gates. The input gate it decides the amount of data
that can be accumulated to the cell state ct from the previous
state ct�1. Different from the traditional input gates, the
input gate in our model integrates the input vector xt, the
weighted hidden state ho, and the weather input et, as
shown in Equation (5).

iit ¼ sðWixxxt þWihhho þWfeeet þ bbiÞ
ggt ¼ fðWgxxxt þWghhho þ bbgÞ:

(5)

Forget Gates. The forget gate abandons unnecessary infor-
mation so that only the useful information is retained in the
cell state. Similar to the input gate, along with ht�1 and the
input vector xt, the weather information and periodic hid-
den states from previous time steps also affect the retention
from the ct�1 state to the ct state, as shown in Equation (6).

fft ¼ sðWfxxxt þWfohho þWfeeet þ bbfÞ: (6)

Output Gates. The output gate is used to control the data
flow from the current input to the hidden state ht, as shown
in Equation (7). Similarly, the weighted hidden state ho,
input vector xt, and weather information together decide the
output ot, which is different from the traditional output gate.

oot ¼ sðWoxxxt þWohhho þWfeeet þ bboÞ: (7)

Cell States. Traditional cell state is decided by previous
state ct�1, forget gate ft, input gate it, and gt. We need to
involve the periodic and weather information into the cell
state. However, ft and it already preserve this information.
Hence, the expression of the cell state ct keeps the same as
in Equation (1), and so does to the hidden state ht.

Future Prediction. To predict the parking behavior in a
future time step tþ k (k is a positive integer), we recursively
predict the states in the near future, and input the predicted
states into the model to predict the farther future states.
Note that the periodic pattern influence also applies to the
future prediction.

4.3 Model Details

Our PewLSTM model proposed in Section 4.2 needs further
developments for different data formats. For example, the

input data include different dimensions like weekdays and
months, and numerical ranges like temperature and wind
speed. Therefore, we add an input layer for data processing.
To capture the complex relations among periodic time pat-
terns, weather information, and parking records, we stack
several PewLSTM blocks together for prediction. To output
the predicted results, we add an output layer.

Input Layer. The input layer receives the input data for
preprocessing. In our model, the processing granularity is
one hour, so parking records are converted on an hourly
granularity. Along with the parking records, the input
weather data, including temperature T , humidityH, precip-
itation P , and wind speed W , are normalized to [0,1]. For
example, as for temperature, the corresponding sequence
for the past K time steps is TT ¼ Tt�K; . . . ; Tt�2; Tt�1f g,
where Ti represents the temperature of the past ith hour.

Deep PewLSTM Layers. Different from traditional single-
layer LSTM, we stack multiple PewLSTM layers together to
form a deep neural network to capture the relations among
parking records and other useful factors. Between two
PewLSTM layers, the output of a PewLSTM block in one
layer is the input to a PewLSTM block in the following
layer.

Output Layer. Because the final output from the model is
the predicted parking numbers of arrivals and departures,
we add a feed-forward neural network following the deep
PewLSTM layers for post-processing. Similar processes
have been conducted in previous research, such as [34].

5 PARKING BEHAVIOR PREDICTION WITH EVENT

INFLUENCE

Large-scale events, such as festival activities, also have a
great impact on parking behaviors. When an impactful
event happens, PewLSTM switches to the event prediction
module for parking behavior event prediction. In this sec-
tion, we analyze the influence on parking behavior from
regular social events and unexpected events, and then pro-
vide our solution.

5.1 Regular Event

Regular events refer to the events that appear periodically
according to certain rules, such as holidays. We use the Chi-
nese New Year as an example to show the influence of regu-
lar events on parking.

Hour Granularity. Fig. 7 shows the parking behavior of
parking lot P2, which is close to a commercial street in
Ningbo, in non-holiday and holiday for 24 hours. Fig. 7a
shows its parking behavior on March 8th, 2018. This park-
ing pattern is common for the other non-holidays. The

Fig. 7. P2: Influence from Chinese New Year at hour granularity.
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parking lot turns to be busy from the morning till the night.
The maximum parking count reaches 81. In contrast, Fig. 7b
shows the parking behavior on February 16th, 2018, which
is during the Chinese New Year. The utilization rate of the
parking lot is 8.76 percent on average, and the parking lot
turns to be idle in almost all the time. The reason for such
differences between non-holiday and holiday is that people
turn to go home from big cities during the new year.
Accordingly, the parking lot becomes idle.

Day Granularity. Fig. 8 shows the parking behavior differ-
ence of parking lot P2 in non-holiday and holiday at day
granularity. Fig. 8a shows the non-holiday parking from
April 1st 2019 to April 30th 2019, while Fig. 8b shows the
holiday parking from February 1st 2018 to February 28th
2018, in which the new year holidays start from February
10th 2018 to February 26th 2018. From Fig. 8, we can see
that the parking lot turns to be empty at the beginning of
the new year holiday, and returns to normal close to the
end of the New Year holiday. Such phenomena confirm our
conjecture: large-scale population movements will occur
during long holidays such as New Year. Some parking lots
will be vacant while others will be the opposite.

Small Cities. Note that in small cities, the parking behav-
ior could become the opposite. People flow out of big cities
during New Year and flow into their hometowns. After the
new year, a large number of people return to the big cities
from their hometowns and return to work.

5.2 Unexpected Event

The parking behavior could also be influenced by unex-
pected events. In this section, we analyze the influence of
coronavirus pandemic (COVID-19) [11] on parking.

Short-Term Impact. We use the parking lot P2 to show the
short-term impact of COVID-19 on parking behavior in
Fig. 9. The Chinese pulmonologist Zhong Nanshan warned
that COVID-19 can be transmitted from person to person in
an interview with CCTV on January 20th, 2020 [35], and we
can see that this warning had a great impact on parking
behavior: within 4 days, the number of parking at the peak
dropped by 76.53 percent. The reasons are as follows. First,

the government encourages everyone to stay at home and
not to go out. Second, many non-essential entertainment
venues are closed. Employees stay at home and wait for
notification. Third, the epidemic news has brought fear,
worries, and anxiety to the public [36]. Accordingly, the
parking lot became vacant and underutilized.

Long-Term Recovery. With effective measures in various
aspects and effective control of the COVID-19 epidemic,
people gradually regained their confidence, and the parking
lot gradually resumed use. We show such a long-term
recovery in Fig. 10. Fig. 10a shows the normal parking
behavior from October to December, 2019, while Fig. 10b
shows the parking behavior with COVID-19 influence from
January to April, 2020. The utilization of the parking lot
drops within 20 days from 66.57 to 8.00 percent. On Febru-
ary 8th, the parking lot utilization rate dropped to the freez-
ing point, and this state lasted for 10 days. Fortunately, on
February 18th, the government sent a positive signal:
COVID-19 pandemic has been efficiently controlled. Next,
such information has promoted the normal operation of
society and the restoration of normal use of parking lots.
Till March 25th 2020, the parking lot has resumed 74.39 per-
cent of its previous usage.

Insights. Based on these observations, we have the follow-
ing insights. First, the parking behavior has a strong correla-
tion with the news. For example, the news reports the
COVID-19 control situation. Second, no fixed pattern in
parking behavior exists in unexpected events, since the
parking behavior greatly depends on the current situation.
Third, many factors need to be involved to predict the park-
ing behaviors in unexpected events, such as the time when
the epidemic was under control.

5.3 Event Prediction Solution

We show our solution to such an event influence on parking
behavior prediction in this part.

Event Identification. Before predicting the parking behav-
ior during events, we need to identify the events that affect

Fig. 8. P2: Influence from Chinese New Year at day granularity.

Fig. 9. P2: Short-term COVID-19 influence from January 21 to January
25, 2020.

Fig. 10. P2: Accumulated parking count of long-term COVID-19
influence.
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the parking behavior. We category the events into long-term
events that may last several days, and short-term events that
last only a few hours.

1) Long-term events. To identify the long-term events that
potentially affect parking behavior, we use the LSTMmodel
to find all possible events in the training dataset. In detail,
we first mark some events in one parking lot: we map the
records in events to a higher weight while remaining the
other records to a lower weight. Second, we train our model
on the manually labeled dataset. Third, we use our trained
model to identify events.

2) Short-term events. Because parking behavior exhibits
obvious periodic patterns and the crests and troughs are rela-
tively fixed, we can detect the short-term events by compar-
ing the current waveform to a generalized average
waveform. In detail, we first generate the average parking
counts in each hour of one day to form a baseline vector. Sec-
ond,we use the cosine similarity [33] to calculate the similari-
ties between different waveforms and the baseline. Third, we
mark the identified short-term events. Â Using the above
method can identify both long-term and short-term events.
However, most of the identified short-term events relate to
unpredictable human factors such as shopping mall promo-
tion, which is hard to be controlled, so we only consider
long-term events in PewLSTM. Long-term events include
both regular and unexpected long-term events.

Event Prediction. Based on the event identification, we per-
form the event prediction, which includes three steps: find-
ing pattern, polynomialmodel fitting, andmodel adaptation.

1) Finding the pattern. We first need to find the parking
pattern of the event. The event identification provides the
length of the event, and we record the trend of parking
behaviors during the interval. We also record the number of
parking spaces for further parking behavior prediction.

2) Polynomial model fitting. After we collect the data to
depict the parking pattern during the event, we then use a
high-order polynomial model to fit the parking data change
pattern. Higher-order models usually fit better, but it can
also bring about over-fitting problems. The experience value
is 15 in our experiments.

3)Model adaptation. Our model can be applied to three sit-
uations. The first is to predict parking behaviors for the
same parking lot in the future. The second is to predict
parking behaviors cross different events. Because events
can share similarities, we need to adjust the length to fit dif-
ferent events. The third is to predict parking behaviors cross
different parking lots, which needs further adjustment to
proportionally put or reduce the capacity of the parking lot.
Note that only the same type of parking lot can make cross-
parking behavior predictions.

After these steps, we can conduct event prediction on
upcoming events for parking behaviors.

6 OPTIMIZATION

In this section, we describe our optimizations on data pre-
processing and accuracy tuning.

6.1 Data Preprocessing

The data preprocessing is important to our method, which
includes data selection of parking records, weather

information, and parking environment, as well as the data
filtering and correlation analysis.

Parking Records. We use real parking records from 13
parking lots. The format of the original parking records
includes the start time, end time, and the parking space ID.
In our design, we reduce the analysis granularity to one
hour. We roughly use the number of cars parked in the
parking lot at the hour granularity as an indicator to reflect
the parking behavior.

Weather Information. The weather condition also affects
the parking behavior. For instance, as discussed in Sec-
tion 4.1, we find that people tend to drive in windy weather.
In detail, we collect the following weather information from
the local weather bureau where the parking lot is located:
temperature, humidity, wind speed, and precipitation.
These data need to be normalized.

Parking Environment. The surroundings of a parking lot
play an important role in the parking behaviors of the
parking lot. As discussed in Section 4.1, parking lots with
different surroundings can have totally different parking
behaviors. We categorize the parking environments into
seven types: hotel, commercial street, shopping mall, indus-
trial park, hotel, market, and community. Accordingly, we
train each type of parking lots separately.

Data Filtering. In our study, we mainly meet two data
issues: noisy data and missing attributes. We perform data
filtering to solve these two issues. For noisy data in a data-
set, we perform outlier analysis and remove the outlier
data. For missing attributes of a record, if more than 20 per-
cent of attribute values are missing, we abandon that record.

Correlation Analysis. We perform correlation analysis for
the involved attributes. We only keep the attributes that
have a low correlation with each other to reduce the model
complexity.

6.2 Accuracy Tuning

Many configurations could affect the accuracy of PewLSTM,
and we discuss the accuracy tuning for these configurations
in this section.

Hidden Size. Hidden size refers to the number of output
features of the hidden state ho in LSTM blocks. We find that
the hidden size of LSTM blocks affects the parking behavior
prediction accuracy. A larger hidden size represents park-
ing behavior from more dimensions but can contain more
redundant information. We have explored a wide range of
hidden size and find that PewLSTM achieves the highest
accuracy when the hidden size is 64.

Training Epochs. In PewLSTM, an epoch represents the
training process for the input dataset. In our tuning, we find
that the accuracy of the model increases with the number of
epochs. However, when the number of training epochs
reaches 300, the accuracy reaches its maximum. Hence, we
set the number of training epochs to 300.

Number of LSTM Layers. As stated in Section 4.3, we stack
PewLSTM blocks together to form deep PewLSTM layers to
capture the complicated non-linear relations in parking
behavior. To decide the number of PewLSTM layers, we use
a small training set for validation and choose the number of
layers that can provide the best results. In PewLSTM, we
use two LSTM layers.
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Output Layer. Although we can configure the LSTM block
to output the prediction results, we find that adding another
transformation can further improve the accuracy. After try-
ing different strategies, such as linear transformation and
softmax function, we find that the linear transformation
achieves the optimal results.

7 EXPERIMENTS

In this section, we evaluate PewLSTM on 910,477 records
from 13 parking lots and compare it with the state-of-the-art
parking behavior prediction method.

7.1 Experimental Setup

Methodology. We evaluate the prediction accuracy of four
methods for the future three hours. The “PewLSTM”
method is our periodic weather-aware LSTM with event
mechanism based on all influencing factors. The “simple
LSTM” method is an LSTM implementation based on only
parking records without other factors. We use the regres-
sion method of random forest from [9], denoted as
“regression”, as our baseline. Because the regression
method only supports the prediction for arrivals in one
hour, we extend it to support prediction for two and three
hours. We use the baseline implementation with the data-
sets described below for comparison. Additionally, we
show our preliminary version without the optimizations in
Section 6, denoted as “PewLSTM(original)”, which is also
the initial version of PewLSTM presented in [10]. The accu-
racy is defined in Equation (8).

accuracy ¼ 1� countobserved � countpredicted
�� ��

countobserved
: (8)

Datasets. In this paper, our parking datasets are com-
posed of parking records from 13 parking lots in China,
including shopping malls, hotels, communities, and so on.2

We list the total number of parking spaces, parking records,
surroundings, and location for each parking lot in Table 1.
The dataset spans 30 months from October 20th, 2017 to
April 7th, 2020, which consists of 910,477 parking records in
904 days. For each record, we obtain the parking informa-
tion including the arrival time, the departure time, date,
parking space, and the price. Please note that the parking
records with a duration of fewer than five minutes are
regarded as noise data. The related weather dataset includes
the hourly weather data from five districts where the 13
parking lots are built. For each hour, we collect the related
weather information, including temperature, wind speed,
precipitation, and humidity.

7.2 Prediction Accuracy Evaluation

We show the arrival prediction accuracy in Fig. 11, and the
departure prediction accuracy in Fig. 12. We have the fol-
lowing findings.

First, our periodic weather-aware LSTM with event
mechanism achieves the highest prediction accuracy in
most cases. For arrivals, PewLSTM achieves an accuracy of

Fig. 11. Arrival prediction accuracy.

Fig. 12. Departure prediction accuracy.

2. https://github.com/NingxuanFeng/PewLSTM
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93.84% in one hour, 76.78% in two hours, and 67.54% in
three hours. In contrast, the regression method achieves 57.8
percent accuracy in one hour, 51.2 percent in two hours,
and 50.0 percent in three hours. For departures, PewLSTM
achieves an accuracy of 93.34% in one hour, 73.45% in two
hours, and 67.48% in three hours. The “PewLSTM(original)”
achieves a moderate accuracy that is higher than the accu-
racy of simple LSTM, which implies that periodic patterns
and weather information are useful for improving predic-
tion accuracy.

Second, with the growth of the prediction time, the pre-
diction accuracy decreases. In our method, to predict park-
ing behavior at a far time point, we recursively input the
predicted results in a near time point into the model. We
use the predicted results as training data, which inevitably
introduces uncertainties and noise factors. However, our
PewLSTM still maintains high accuracy in terms of long-
term predictions: for every additional hour of prediction,
the accuracy drops by only 13.1 percent for arrivals and 12.9
percent for departures on average.

Third, the arrival prediction accuracy is higher than the
departure prediction accuracy. The reason is that departure
situations are more complex than arrival situations. The depar-
ture is also affected by the purpose or event from the driver
side during parking, which is hard to capture. However, even
in the departure prediction, our prediction accuracy is only 1.3
percent lower than that in arrival prediction.

7.3 Qualitative Analysis

We use the root-mean-square deviation (RMSE) to measure
the deviation between the predicted results and the observed
results. Low RMSE values indicate higher accuracy and sta-
bility. In our evaluation, RMSE is defined in Equation (9).
Assume that we perform N predictions. For the ith predic-
tion, predictedi represents the predicted parking result, while
observedi represents the observed parking result.

RMSEcount ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPN�1

i¼0 ðpredictedi � observediÞ2
N

s
: (9)

We show the RMSE results of P1 in Table 2 for illustra-
tion. The other parking lots show similar RMSE results. We
have the following observations. First, our PewLSTM
achieves the lowest RMSE results for both arrivals and
departures. This implies that periodic patterns and weather
information are useful for reducing deviation, and the opti-
mizations in Section 6 are effective. Second, as the predic-
tion time becomes longer, the RMSE result increases.
However, even so, PewLSTM can still maintain a small
deviation. Third, the arrival RMSE results are lower than
the departure RMSE results, which is due to the complexity

in departure behaviors. Additionally, the regression-based
method only predicts arrivals and has high RMSE results
that are more than 1.5. Hence, we do not show it in Table 2.

LSTM Configuration. We analyze the influence of
PewLSTM configuration over the model accuracy, and we
mainly adjust the number of PewLSTM layers. The accuracy
results of different layers are shown in Fig. 13, which shows
that when the number of layers is two, our model achieves
the highest accuracy; when the number of layers further
increases, the accuracy decreases. The optimal number of
layers relates to both the input data and the problem. We
mainly obtain it empirically based on the training set.

7.4 Event Analysis

In this part, we evaluate the accuracy of the event prediction
of PewLSTM. Because the parking behavior with the hourly
granularity is greatly affected by environmental factors, we
mainly use the day as the granularity to predict parking
behaviors.

Selected Events. We use the event identification method in
Section 5.3 to detect the training set and select three regular
events: National Day, Spring Festival, and May Day, which
are the three longest holidays in China. Parking behaviors
in these events exhibit distinct waveforms compared to the
other periods. Note that we do not consider the unexpected
events here, though we have identified them. The reasons
are as follows. First, the unexpected events usually happen
by different reasons, which can be hard to be reproduced.
Second, only similar events can be related to each other for
prediction, and the unexpected events are hard to use.
Third, the records of most parking lots are only about one
year. Therefore, we only use the three regular events for
validation.

Event Validation Method. We use the parking lots, P2, P5,
P6, P7, P8, P12, and P13 for evaluation, because these park-
ing lots exhibit clear event patterns, and have enough
records with a relatively long time range. In detail, the vali-
dation involves three types of model adaptation: 1) same
event prediction in one parking lot, like P2, which has
enough records across two years; 2) cross event prediction
in one parking lot, since no enough records exist but differ-
ent events show similar parking patterns; 3) cross parking
lot prediction, for the parking lots that are similar to each
other. Furthermore, the input is from two sources. The first
one is the pre-trained fitting model for expressing patterns.

TABLE 2
RMSE Results of P1 for Different Methods

Arrival Departure

Method 1hour 2 hours 3 hours 1 hour 2 hours 3 hours

simple LSTM 0.99 1.28 1.36 1.09 1.28 1.45
PewLSTM(original) 0.92 0.99 1.08 0.99 0.87 1.19
PewLSTM 0.90 0.89 0.96 0.94 0.88 1.02

Fig. 13. Accuracy under different layers.
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The second one is the base data ahead of the event for model
adjustment. In our experiments, we conduct parking behav-
ior prediction within one month, two months, and three
months.

Event Prediction Results. We show our event prediction
results in Fig. 14. On average, our PewLSTM achieves 72.91,
77.19, and 78.90 percent prediction accuracy for three
months, two months, and one month respectively. For
Spring Festival, the average prediction accuracy is 64.42 per-
cent. For Fig. 14c, we perform the same event prediction in
one parking lot, in which we use the parking records in

Spring Festival of 2018, along with the month data ahead, to
predict the parking behavior in Spring Festival of 2019. For
Fig. 14d, we use the records from P2 in the 2018 Spring Fes-
tival to predict the P12 parking behavior of the Spring Festi-
val of 2019. For National Day and May Day prediction, the
average prediction accuracies are 79.60 and 80.09 percent
respectively. Figs. 14a and 14g are from the same event pre-
diction in one parking lot. Figs. 14e is from cross event pre-
diction in one parking lot, and Figs. 14b, 14f, 14h, and 14i
are from cross parking prediction. Note that the accuracy of
the original method is low. The reason is that it recursively
inputs the predicted results into the model for further pre-
diction, without considering the event influence.

The unexpected events, such as COVID-19, could be rare
and lack information. However, similar events sometimes
happen. For example, in 2002, SARS broke out in China [37],
in which traffic restrictions in major cities are similar to
those during COVID-19. If we can collect sufficient data and
build models, we can prepare for the next similar events in
the future. When we have no similar records, cross-event
prediction can be used by expert experience. For example,
Chinese pulmonologist Zhong Nanshan predicted on

Fig. 14. Parking behavior prediction in events. “3 months”, “2 months”, and “1 month” indicate utilizing PewLSTM to predict the parking behavior for
the event based on the current data three months, two months, and one month ahead. “original” indicates the PewLSTM without event mechanism.

Fig. 15. P2: Parking behavior prediction in COVID-19.
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February 27th that COVID-19 could be controlled in the
Chinese mainland by the end of April [38], so we can use a
cross-event prediction such as New Year model with length
set from February 28th to April 30th. The predicted parking
behavior of P2 is shown in Fig. 15, which is similar to the
real situation.

Event Analysis. We analyze the event prediction results in
Table 3, and we have the following observations and
insights. First, in most cases, the closer to the event, the bet-
ter prediction accuracy PewLSTM can achieve. The reason
is that the input data are closer to the event data. Second,
the event RMSE results are higher than the hourly RMSE
results of Section 7.3, because of the longer forecast time
range and more uncertainty factors. Third, even in such
complicated situations where the prediction time range is
long and the training data are limited, PewLSTM can still
achieve significant prediction results, which proves the
effectiveness of our method. Note that an unexpected event
can also be predicted if we could obtain its event type and
have similar historical event records.

8 RELATED WORK

In recent years, there have been many studies about differ-
ent aspects of parking prediction, LSTM application, and
event analysis, and we show these related works as follows.

Parking Prediction. Parking relates to our daily life and
has been a hot research topic for many years. Accurate park-
ing prediction can help car owners to choose parking lots.
Caicedo et al. [8] proposed a method to perform parking
space prediction in intelligent parking reservations.
Chen [17] studied parking occupancy and patterns, and
Zheng et al. [18] analyzed the sensor-enabled car parks.
Hossinger et al. [16] presented a real-time model for parking
space occupancy prediction. Vlahogianni et al. [19] devel-
oped a framework for smart real-time parking availability
prediction. We explored the use of weather information and
regression models in parking prediction, which has been
presented in [9], [10]. Moreover, high-quality smart parking
guidance systems also appear, which are convenient for
users [7], [14], [15], [39], [40].

LSTM. As a variant of RNN [26], LSTM [27] has been
widely used in knowledge and data engineering. For
instance, Yu et al. [41] applied reinforcement learning with
tree-structured LSTM to join order selection in data man-
agement systems. Wang et al. [28] developed CLVSA, which

applied LSTM to predict the trends in financial markets.
Zhang et al. [29] proposed ATTAIN, which uses LSTM net-
works to model disease progression. Fu et al. [30] studied
how to apply LSTM to predictive phenotyping. Huang et al.
[31] applied LSTM to text categorization. Xing et al. [32]
proposed an aspect-aware LSTM for sentiment analysis.
Different from these works, we integrate the periodicity and
weather information into the LSTM model, and applied it to
the parking behavior prediction.

Event Analysis. With event analysis, we can understand
the influence of events, and respond better to emergencies.
Cortez et al. [42] presented a novel architecture for event
prediction based on LSTM. Yuen et al. [43] developed a
model to identify unusual events in videos with reference to
a large collections of videos. Antunes et al. [44] developed a
Bayesian predictive method to give event prediction for
alarm systems. Jin et al. [45] studied the event stream dis-
semination in large-scale online social network systems. Du
et al. [46], [47] developed an event recommendation frame-
work to help people with upcoming social events. Aa et al.
[48] studied the conformance checking based on the analy-
sis of observed events. In this work, we model the event
influence on parking behaviors and enable PewLSTM to
predict parking behaviors in events.

9 CONCLUSION

In this paper, we argue that periodic patterns shall be
involved in parking behavior prediction. We have shown
that parking behaviors exhibit strong periodic patterns, and
such parking patterns shall be retained in classic LSTM
models. To address this problem, we proposed a novel peri-
odic weather-aware LSTM with event mechanisms for park-
ing behavior prediction, which considers the periodic
patterns from parking records and weather data. We also
support event prediction for PewLSTM. We exhibited our
model, data collection, and data processing in detail. We
evaluate our proposed model with 13 parking lots in differ-
ent cities, and experiments show that our model achieves
93.84% prediction accuracy, which is about 30% higher than
the state-of-the-art prediction method.
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