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Abstract

Shared parking lots are new types of sharing economy and generate a large social impact in our daily lives. Post-use payment
is a hallmark method in the shared parking lots: it reflects trust in users and brings convenience to everyone. Accordingly,
payment behavior prediction via data science technology becomes extremely important. We cooperate with a real intelligent
parking platform, ThsParking, which is one of the top smart parking platforms in China, to study payment prediction, and
encounter three challenges. First, we need to process a large volume of data generated every day. Second, a variety of parking
related data shall be utilized to build the prediction model. Third, we need to consider the temporal characteristics of input
data. In response, we propose TR-GCN, a temporal relational graph convolutional network for payment behavior prediction on
shared parking lots, and we build a reminder to remind unpaid users. TR-GCN addresses the aforementioned challenges with
three modules. 1) We develop an efficient data preprocessing module to extract key information from big data. 2) We build
a GCN-based module with user association graphs from three different perspectives to describe the diverse hidden relations
among data, including relations between user profile, temporal relations between parking patterns, and spatial relations
between different parking lots. 3) We build an LSTM-based module to capture the temporal information from historical
events. Experiments based on 50 real parking lots show that our TR-GCN achieves 91.2% accuracy, which is about 7% higher
than the state-of-the-art and the reminder service makes more than half of the late-payment users pay, saving 1.9% loss for
shared parking lots.
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1 Introduction

Sharing economy is booming in most countries, and many
manifestations of sharing economy have emerged, such as
e-scooters [60], ZipCar [64], and shared bicycles [70]. Intel-
ligent shared parking lots, as a new representative of sharing
economy, are becoming popular and generate more and more
social impact in recent days. Post-use payment, which means
that users pay after use, is a hallmark method in the shared
parking lots: it reflects trust in users and brings convenience
to everyone. However, users may forget to pay on time. In
a shared parking system, correctly predicting the payment
behavior of each user, i.e., payment duration after parking,
is important for three reasons. First, we need to understand
the difference in the payment behavior of people in different
regions and remind users who forget to pay, which relates
to the income of the parking lot [1]. Note that we should
not remind all users, as it could degrade users’ experience.
Second, we need to identify the potential high-risk users
and require them to pay a deposit before the next parking.
Third, based on payment behavior prediction, we can provide
reminder service and incentive mechanism to help users build
good payment habits [55].

In collaboration with an intelligent parking platform,
ThsParking' (developed by Huaching Tech®), we explore
the opportunities of applying artificial intelligence to pay-
ment prediction for shared parking lots. Building an accurate
payment behavior prediction model for large-scale shared
parking lots is non-trivial, and we encounter the following
three technical challenges. First, ThsParking covers more
than 20 cities with more than 1,700 parking lots, providing
more than 60 thousand parking spaces. We need to pro-
cess a large volume of data generated every day. Second,
a large variety of parking related data (e.g., user profiles
and spatial, temporal parking patterns) need to be utilized
to build an accurate prediction model. Third, we need to cap-
ture the timing characteristics of input data as parking orders
are chronologically generated. Characteristics such as the
sudden spikes during peak hours must be considered in the
prediction model.

In this paper, we propose TR-GCN, a temporal relational
graph convolutional network. TR-GCN contains three mod-
ules. 1) To solve the volume challenge, we develop an
efficient data preprocessing module to extract key infor-
mation from big data, detailed in Sect. 5.2. 2) To solve
the variety challenge, we build a GCN-based module with
user association graphs from three different dimensions to
describe the diverse hidden relations among data, including
relations between user profile, temporal relations between
parking patterns, and spatial relations between different park-

! http://www.thsparking.com

2 http://www.huaching.com
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Fig. 1 Data processing pipeline in shared parking lots

ing lots, detailed in Sect. 5.3. 3) To solve the timing challenge,
we build an LSTM-based module to capture the temporal
information from users’ historical transactions, detailed in
Sect. 5.4. Considering the efficiency of LSTM, we save the
data locally to increase the processing speed.

We have integrated TR-GCN into the ThsParking plat-
form, as shown in Fig. 1. The overall workflow contains three
steps. First, user information and parking space information
are sent to the cloud. Second, the system executes the data
preprocessing module to perform data collection and data
cleaning, followed by a data decision to determine whether
this is a valid order for further data processing. Third, the sys-
tem executes the GCN-based module and the LSTM-based
module, to analyze user payment behaviors. Finally, the out-
put of the payment order is sent to the users.

We evaluate TR-GCN on fifty parking lots from nine cities
with various surroundings. We collect 131 thousand payment
records for evaluation, and each record includes the payment
amount, the time interval from the previous order (0 if there
is only one order), parking lot ID, coupon usage, and date.
We have classified the prediction results into two categories,
which are on-time payment and delayed payment. Experi-
ments show that TR-GCN achieves 91.2% accuracy, which
is about 7% higher than the state-of-the-art payment predic-
tion method [74]. Moreover, our reminder service could save
1.9% loss for shared parking lots and help users build good
payment habits, which brings obvious social impact.

We summarize our contributions as follows.

— We discover the hidden relations between users, and
develop novel methods to capture the association graphs
from various aspects.
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— We develop TR-GCN, which integrates temporal and
spatial pattern features to predict payment behavior for
shared parking lots.

— We evaluate TR-GCN with real payment records and
achieve 91.2% accuracy, which is about 7% higher than
the state-of-the-art method.

The remainder of the paper is organized as follows. Sec-
tion 2 introduces the background of payment behavior in
shared parking lots, graph convolutional network, and LSTM
in prediction. Section 3 presents the observation and finding
of shared parking, and motivation of this work, followed by
the definition of the problem and challenges in Sect. 4. We
present the overview of TR-GCN and the detailed design in
Sect. 5. We show our evaluation in Sect. 6 and the related
work in Sect. 7. Finally, we show the conclusion in Sect. 8.

2 Background and preliminaries

In this section, we introduce the background and preliminar-
ies of payment behavior prediction.

2.1 Payment behavior in shared parking lots

Following previous work [74], we model the payment behav-
ior as the process of whether users will pay for parking
on time. Different from payment in traditional parking lots,
intelligent parking lots adopt an unmanned payment method
and users pay after use. This brings higher requirements to
users: in order to improve the user experience, we try not
to use too many reminders to remind users to pay. Instead,
we let users pay by themselves at their available time with a
minimal number of reminders. Therefore, payment behavior
prediction on shared parking lot becomes extremely impor-
tant.

Our intelligent parking platform can operate automatically
without being guarded, as shown in Fig. 2. The process of
parking in a shared parking space is as follows. First, users
use their electronic devices to scan the QR code to obtain
the parking space information via our APP. Second, our APP
uploads the parking space and user information to our cloud
servers. Third, after the cloud server receives the order, the
server sends the unlock signal to the electric lock and the
lock shall go down. Then, users can drive their car into the
space directly with no additional operations required. After
parking, the users can just drive away. When the car lock
sensor detects that the car has been driven away, it will raise
the lock and send the end time to the server for billing.

Why we do not use instant payment. We do not use instant
payment methods, such as ETC [29], in our intelligent shared
parking lots because the pay-after-use mechanisms provide

Fig.2 Parking process in shared parking lots

users better experience: the shared parking lots do not con-
tain toll stations or roadblocks to stop users from leaving.
Accordingly, users can pay at any time and anywhere after
they leave. This becomes a hallmark in sharing economy. In
addition, the shared parking lots are nationwide and can have
a large scale, so it is not cost-effective to install toll stations
or roadblocks.

In the literature, many studies have been conducted on
parking payment prediction [6,19,30,74,80]. Xu et al. [74]
applied decision tree for payment prediction, which is the
closest work to ours. However, the work [74] has three limita-
tions. 1) Volume. Only a small dataset from one parking lot is
used in their evaluation, which is not representative. 2) Vari-
ety. They analyze only parking records, but ignore hidden
relationships from multiple dimensions. 3) Temporal rela-
tionship. Only a simple decision tree model has been built,
which fails to consider timing characteristics. In response,
our work addresses these three limitations by developing
three modules in TR-GCN: l)data preprocessing, 2)GCN
modeling, and 3)LSTM modeling. We elaborate the detailed
design in Sect. 5.

2.2 Graph convolutional network

GCN [32] is an effective variant of convolutional neural net-
works [35] that runs directly on graph structured data. Graph
neural network can fuse the features of current users with
those of their neighbors so the representation of the fea-
tures can be improved. GCN has been applied to various
prediction scenarios [26,40,53]. Yang et al. [76] used GCN
to extract spatial and temporal features to predict parking
spaces based on traffic information. Chu et al. [10] proposed
a semi-supervised classification model based on GCN to pre-
dict the waiting level of public transportation platforms. Liu
et al. [44] proposed the first heterogeneous graph neural net-
work to detect malicious accounts. Kim et al. [31] proposed
a deep dense convolutional network that can predict the bor-
rower’s repayment. Tam et al. [65] proposed an algorithm
based on end-to-end GCN to learn node and edge embed-
ding, which can be used to detect abnormal transactions in
electronic payment networks. There are also other variants

@ Springer
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Fig.3 Potential relation between user profile and payment behavior

of convolutional neural networks such as graph autoencoder
(GAE) [58]. Autoencoder (AE) and its variants are widely
used in unsupervised learning. It is suitable for learning node
representation of graphs without supervised information. As
for our work, GCN is more suitable and efficient. The reason
is that GAE are more powerful in unsupervised tasks, while
GCN has been proved to be efficient in graph embedding
by many works [26,40,53]. Moreover, there are many works
using GCN to model dynamic graph-structured data [47,92].

2.3 Long short-term memory

LSTM [21] is a recurrent neural network (RNN) and has
been applied to capture the impact of historical events in
many fields [42,61,72,75,85,87]. LSTM is good at process-
ing and predicting events with long intervals and delays
in time series. An LSTM network is composed of LSTM
blocks, which include input gates, forget gates, and output
gates. Such special architectures enable LSTM to capture the
complex nonlinear relationships between different features in
time series. Zhang et al. [80] proposed a novel LSTM method
with weather factors and periodic parking patterns to predict
parking behaviors. Zhao et al. [91] used LSTM for short-
term traffic forecasts. Han et al. [24] developed a fast and
energy-efficient LSTM in speech recognition.

3 Observation and motivation

We select fifty parking lots in nine cities from a real intel-
ligent parking system. In addition to the payment records,
the platform also provides parking coupons, which could be
used to analyze the correlations in data and mine the hidden
relations between users. In our study, we find three hidden
relations that may affect the payment behavior: 1) relations
between user profile, 2) temporal relations between parking

@ Springer

patterns, and 3) spatial relations between different parking
lots.

3.1 Hidden relation 1: user profile

Observation (1): The user payment behavior has a strong
correlation with the users’ payment profiles.

Insight (1): Profile contact needs to be involved in payment
behavior prediction.

We explore the relation between users’ historical records
and their new orders. We show the payment correlation from
the user profile dimension in Fig. 3.

We first find that correlations exist between users’ histor-
ical payment behavior and users’ average payment time. We
randomly select 100 users and demonstrate the correlations
in Fig. 3a. In Fig. 3a, the x axis shows different user IDs,
and the y axis shows the payment time in terms of days. We
plot the average payment time for each user and show the
standard variance, which is the two lines around the average
payment time line. We can see that the standard variance is
correlated to the average payment time, which means users
with high average payment time tend to fluctuate and are less
likely to pay in time.

We observe that coupon history has correlations on users’
willingness to pay in time, as shown in Fig. 3b. Figure 3b
exhibits the relationship between the number of coupons a
user bought (x axis) and the payment time of the order (y
axis). Coupons can reduce the payment cost and have use
period, and we find that people who bought coupons are more
willing to pay in time.

Based on these findings, we have the insight that the major-
ity of users’ payment behaviors relate to their past payment
behaviors. It reveals that users’ profile features have connec-
tions with their payment behaviors. Thus, we need to make
use of the users’ profile data for future payment behavior
prediction.
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3.2 Hidden relation 2: users’ temporal parking
patterns

Observation (2): Users with similar parking behaviors tend
to have similar payment behaviors.

Insight (2): Parking period patterns should be considered
in payment behavior modeling.

We find that users have potential correlations with each
other, and users with similar parking patterns can have similar
payment patterns. For example, the users may be colleagues
who have the same commuting time. Since we lack users’ pri-
vate friendship relations, we propose another way to explore
what range of users are more likely to be colleagues or
have the same working identities. We show the correla-
tion between payment time and temporal parking patterns
in Fig. 4.

Figure 4a shows the statistics of user arrival and departure
times of parking lot P10 (detailed in Sect. 6.1).

In Fig. 4 (b), we analyze 53,168 parking records from
October 20, 2017, to October 20, 2018, and compare the
payment similarities between user pairs with similar tem-
poral parking patterns and random user pairs in different
types of parking lots. The payment similarity of a user pair is
defined as 1/(|Avg Paytime; — Avg Paytimej|+ 1), where
AvgPaytime; denotes the average paytime of user i. For
user pairs with similar temporal parking patterns, we group
the users whose arrival time gap is within one hour and depar-
ture time gap is also within one hour (detailed in Sect. 5.3). In
contrast, for random user pairs, we randomly select users to
form user pairs. Figure 4b shows that the payment similarity
with similar temporal parking patterns reaches 0.81, which is
much higher than the randomly picked user pairs whose aver-
age similarity is only 0.75. Furthermore, the minimum point
of payment similarity with similar temporal parking patterns
is closer to the average compared to the random one.

Accordingly, these data can be used in payment prediction:
if we identify that two users belong to the same group, we
can perform cross-user payment prediction.

Based on the observation, we have the insight that people
who share the same temporal parking patterns, such as similar
arrival and departure patterns, have the same payment habits.

payment behavior
similarity
o
S

o 85

280 I
32 75

@©

Q.

570 .

office  business uptown
(a) Different parking lots.

0.2
——Isimilar trajector
0.0 e==arandom sé)ec y

business residence  office

(b) Parking lot group.

Fig.5 Influence of spatial relations on payments

Therefore, parking period patterns need to be involved to
refine the payment behavior model in shared parking lots.

3.3 Hidden relation 3: spatial relations between
parking lots

Observation (3): Users who have similar historical trajec-
tories are likely to behave similarly when they pay their
orders.

Insight (3): Capturing users’ hidden relations by utilizing
their parking spatial patterns can be helpful to payment
behavior modeling.

Inspired by practical experiences, we consider that users
who have similar trajectories can share similar payment pat-
terns, and they are likely to belong to the same identity.
Moreover, we can verify that users who often go to the same
locations have similar payment behaviors from our park-
ing platform. The payment rates in different parking lots
are different. We show the unpaid rates of different park-
ing lots in Fig. 5a. We can see that parking lots around
residential areas have the lowest unpaid rate while parking
lots around office buildings have the highest rate. More-
over, we find that users who go to similar parking lots
have similar payment times. Figure 5b shows the payment
similarity comparison between user pairs with similar spa-
tial relations and random user pairs in different types of
parking lots, from October 20, 2017, to October 20, 2018.
We define the similarity between two users’ average pay-
time as 1/(|AvgPaytime; — AvgPaytime;| + 1), where
AvgPaytime; denotes the average paytime of user i. We
regard users’ trajectories as their movements among dif-
ferent parking locations. When the number of two users’
co-occurrence parking lots exceeds our threshold (default
2), an edge shall be built between them, which is to say, they
have similar trajectories. Figure 5b shows that the average
payment similarity of user pairs with similar spatial rela-
tions reaches 0.85, which is higher than the randomly picked
user pairs whose average similarity is 0.74. Moreover, the
payment behaviors of similar spatial relations are more con-
centrated, while those of the random user pairs are more
scattered. The above findings prove the effectiveness of our
method.

@ Springer
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Therefore, we have the insight that users who have the
same historical trajectories can belong to the same user group.
For example, users go to the same parking lots that are near
the business center, and they can be visitors who may forget
to pay after they leave. Accordingly, we should utilize this
relation to build a spatial connection graph based on histor-
ical trajectories. We can also speculate that unpaid rates are
different in various types of parking lot, so we should con-
sider users from different types of parking lots, respectively.

3.4 Hidden relation 4: types of parking lots and
weekdays

Observation (4): It can be observed that parking lot types
and weekdays have correlation with the unpaid rates.
Insight (4): We should involve date information and park-
ing lot types in our features to better model users’ payment
behaviors.

Previous study [80] has demonstrated the influence of
parking lot type and weekdays on parking behavior. It would
be interesting to find out whether certain relations between
types of parking lots and payment behaviors exist in shared
parking scenarios, or whether the date feature has an influ-
ence on our shared parking payment in a non-trivial way.

We observe that the unpaid rates of different types of
parking lots differ from each other and vary on different
weekdays. In detail, in Figure 6a, we show the unpaid rates
of three types of parking lots. Parking lot P7 is located near
a business center, parking lot P10 is located beside an office
building, and parking lot P18 is near a residential area. We
can see that these three types of parking lots show totally dif-
ferent behaviors. To explain this, people can go shopping in
the business street, so on weekends, P7 has the highest unpaid
rate. People often visit office buildings on working days so
P10 has a high unpaid rate on weekdays. In contrast, the res-
idential area has a relatively stable structure, and residents
who live for a long time are more likely to develop a fixed
payment habit. Hence, P18 has the lowest unpaid rate. We
also demonstrate the average unpaid rates for all fifty parking
lots used in our evaluation in Fig. 6 b. On average, we can
see that unpaid rates are high on weekends. In detail, there
are 29 parking lots located near a business center. Besides,
people are willing to go out on weekends and may forget to
pay when they go home.

Based on these observations and analysis, we conclude
that the unpaid rates have a strong correlation with parking
lot types and weekdays. This also reveals that the specific
influence of weekday information on various types of parking
lots is different. This finding directly leads to the conclusion
that we can make more precise predictions by involving the
parking lot type and weekday information.

@ Springer

3.5 Motivation

Previous studies [6,15,25,68,69,74] ignore these important
hidden relations. We should abstract and involve these hidden
relations in our payment prediction. Moreover, the periodic
payment history should also be utilized in payment behavior
prediction. A graph convolutional network can be used to
capture the complicated relations between users while an
LSTM-based layer can be applied to capture the temporal
relations during payment prediction.

4 Problem definition

The problem we are trying to solve is to predict whether a
user will pay on time when an order is generated.

4.1 Parking payment behavior

The payment behavior refers to the payment process for a user
after parking. Considering a set of parking records associated
with the user a, P* = {P?},i € [0, N, — 1], where N, is
the number of parking records that belong to the user a. The
payment behavior of 1) timely payment, 2) late payment, and
3) unpaid, relates to two considerations, user characteristics
U/ and order characteristics Of':

- Ut e R'™M denotes the extracted M-dimensional fea-
ture vector (e.g., recency, frequency, and monetary),
which belongs to the user a in the time of her order P;".

a IxV a

- 0/ € R denotes the property of the order P/ (e.g.,

parking duration and date).

In detail, the M-dimensional feature vector contains tra-
ditional features used in RFM model [8], which can reveal
the patterns in users’ purchase history.

Criteria We use the average payment time of all paid
orders as the threshold to decide whether an order is paid
on time. In detail, we first calculate the average payment
time of all historical orders as #4,¢. We find that #,,, varies in
different types of parking lots, so we count #,,,, separately for
each parking lot. We leave the time interval for re-evaluating
favg to the owner of the parking lot. By default, #,,, is re-
evaluated every three months. Then, given an order P, if
its payment time is longer than #,,,, it is regarded as a late
payment; otherwise, it is a timely payment.

Importance of payment behavior prediction. Our pay-
ment behavior prediction is important for shared parking lots.
First, since the intelligent shared parking lots use unmanned
methods to operate, users can pay at any time after leaving the
parking lots. Thus, delayed payments occur and can lead to a
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Fig.6 Unpaid rates in different types of parking lots and weekdays

high income loss of the shared parking lots. If we can detect
the delayed payment in advance, we can take corresponding
actions. For example, we can build a reminder afterward to
remind these users to pay. Second, besides shared parking,
many intelligent products of the sharing economy adopt the
business mode of unmanned payment methods. However, we
have not found any methods that can be used in the payment
prediction situations with hidden relations. Thus, it is neces-
sary for us to put forward an effective and practical payment
prediction model for shared parking lots. It is notable that
our model can be adapted to other similar problems, detailed
in Sect. 6.4. Third, inspired by previous works such as fraud
detection [ 13], detecting the users who are potentially unwill-
ing to pay can generate positive social impacts.

Necessity of payment behavior prediction Parking is
becoming a part of our lives and in the era of sharing econ-
omy, shared parking lots have become an inevitable trend.
The basis of shared parking spaces and even the sharing
economy is trust, so our platform does not require a deposit in
advance. Accordingly, payment behavior prediction becomes
extremely important, based on three reasons. First, we can
understand the payment behaviors of different users and
remind the users who forget to pay. Note that users have
different payment habits which should be respected, so we
cannot simply remind them by rules. Second, we can iden-
tify the potential high-risk users, and then require them to
pay a deposit before the next parking. Third, by user pay-
ment behavior prediction, we can provide reminder service
and incentive mechanism to help users build good payment
habits.

Privacy versus accuracy If we can directly obtain the
user’s detailed information and the relationship between
users, we can build an accurate payment prediction model.
However, due to privacy issues, we are unable to obtain the
personal information of users. Fortunately, we can roughly

(b) Average unpaid rate for all parking lots.

supplement their relationship by mining their parking behav-
iors.

Abstraction for payment prediction We further abstract
the payment prediction problem. Given the features of the
orders ® = {Ol"} ,i € [0, N, — 1], and features of the users
in different time periods v = {Ul.“} ,i € [0, N, — 1], our
problem is to predict whether the order P will be paid on
time, as shown in Equation 1. If the order is paid in time, y
is equal to 1; otherwise, 0. f (-) is the mapping function we
want to learn by our models.

f(©,v) =y, yel{0,1} e))

Significance Al techniques have been widely adopted in
data science domain [78,86]. The social impact of intelligent
parking payment prediction is significant, especially in the
background of the sharing economy era. In addition, the park-
ing payment prediction has not been adequately addressed
by the Al community. In this paper, we propose an effective
neuron-based approach to solve it in an AI mechanism.

4.2 Challenges

To solve the parking payment behavior problem, we need to
handle the following three challenges.

Challenge 1: Volume Our intelligent shared parking lots
are distributed in multiple cities over the country, and the
daily user flow is large, especially in peak hours. For exam-
ple, our system contain 11 million parking records in total.
Currently, the daily user flow is 11,352. In peak hours, we
need to process 2,058 MB per minute. Our service is placed
on Alibaba Cloud and is responsible for nationwide business.
We need to process the uploaded data from shared parking
lots in time. Moreover, with the increase of the amount of
data, noise data gradually appear and we should also handle
the problem of dirty data. In the large amount of data input,
there are issues of missing data (such as attribute missing in

@ Springer
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a record), wrong data (data format is not correct, outliers,
etc.), and data unavailability [93].

Challenge 2: variety We need to involve various data
types to describe the hidden relations in our input. For exam-
ple, we can use user payment records and member purchase
records. We need to join these data from different perspec-
tives to generate our final features. In addition, we are unable
to extract users’ connections directly due to privacy issues.
Hence, we need to dive deep into different types of data and
mine the hidden relationships between users. However, there
are few works about how to extract association graphs for
users in the parking scenario. Even worse, we do not have
users’ friendship information or any obvious personal infor-
mation in our platform. Thus, this is the most difficult part
of our work and worth lots of investigation.

Challenge 3: timing Our parking records, payment
records, and the purchase records all come as time series data,
which means that we need to either summarize the informa-
tion in historical records or find another way to utilize users’
historical behaviors. Previous work [74] extracted features
from historical data and used the decision tree model for
parking behavior prediction. However, it relied heavily on
feature engineering, which is not universal. Thus, we need to
develop other methods to handle the time series data. There
are several variants of temporal neural networks that can be
utilized to handle time series data, so special designs need to
be made to choose and adapt temporal networks in parking
situations.

5 TR-GCN

In this section, we start with our TR-GCN framework,
which consists of a data preprocessing module, a GCN mod-
ule, and an LSTM module. Then, we show our detailed data
preprocessing, design of GCN-based modeling for hidden
relations between users, and LSTM-based modeling for tem-
poral relations.

5.1 Overview

We show our TR-GCN framework in Fig. 7. We find that
graph neural network combined with time series model is
very suitable for parking payment prediction. The input is
the adjacency matrix and characteristic matrix of graphs and
the output is the classification result. The input data consist of
three parts: the user purchase history, the user payment his-
tory for buying memberships and coupons, and the parking
lot location.

Framework In our TR-GCN shown in Fig. 7, we treat
each user as a node in a graph, and use a clustering step to
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build their connections by different data types. Matrix A rep-
resents the relations between different users. A graph node
represents a user and the edges in the graph represent the
relations between users. In matrix A, each element repre-
sents whether there is an edge exiting between the two nodes.
Matrix D represents the features of each user. In matrix D,
each row is a feature vector and each column represents a
different attribute. GCN takes these two matrices as inputs.
For users who have similar parking patterns, we build edges
between them. With such methods, we build three association
graphs, including contact graph G, pattern graph G,T ,and
spatial connection graph Gg. We next design a fusion model
to integrate the three association graphs into the same one. At
a time step, each user generates an adjacency matrix A7 and
a feature representation matrix D’ . The LSTM-based mod-
eling includes an LSTM layer to capture the relationships in
a temporal mechanism, followed by a fully-connected layer,
which outputs the predicted results.

Necessity for data preprocessing To tackle the volume
challenge mentioned in Sect. 4, we perform data preprocess-
ing to ensure the high quality of our input parking data. The
general preprocessing method is not optimized for the park-
ing payment scenario. The preprocessing for parking data can
be divided into three parts. The first part is data collection. At
this stage we select the parking attributes required for train-
ing. We face special difficulties in data merging. The data
resources are various, and we need to merge different user
data together, such as users’ parking records and membership
records. The second part is data cleaning, which includes
data format transformation, missing attribute supplement,
and outlier analysis. We need to develop data cleaning meth-
ods targeting the parking scenario. The third part is data
decision, which is used to input the preprocessed data into
the model. After data cleaning, we apply sampling methods
to solve the imbalance problem. More details can be found
in Sect. 5.2.

GCN To handle the variety challenge mentioned in Sect.
4, we need to use multi-dimensional information and mine
hidden relationships. As discussed in Sect. 3, we find that
hidden relations exist between users, which should be uti-
lized in payment behavior prediction. GCN is a powerful
variant of convolutional neural network and it can capture
the complicated hidden relations between users.

LSTM LSTM can capture the temporal information from
historical events. First, the relation graphs are changing tem-
porally. Second, user payment may relate to different time
points. For example, 9:00 on Thursday could be a good time
but 9:00 on Saturday could not (detailed in Sect. 6.3). Third,
user payment records with timestamps belong to time series
data and LSTM is capable of learning such long-term depen-
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dencies. Considering the efficiency of LSTM, we save the
data locally to increase the LSTM processing speed. We have
followed the design of the previous work [48] to support fast
data ingestion in our system. Due to space limitations, we
leave a detailed discussion to separate work.

Difference from previous work We focus on the special
scene of parking payment on shared parking lots and pay
special attention to the mining of hidden information from
users. As discussed in Sect. 3, we observe that the relations
of user profile, users’ temporal parking patterns, and spatial
relations between parking lots all relate to parking payment
behavior. Previous parking related research works [3,6,15,17,
25,43,68,69,74,89,96] do not consider these hidden factors.
We show in detail how to build GCN-based models to abstract
these hidden relations in Sect. 5.3.

Workflow The workflow of our TR-GCN is shown in
Fig. 8. The matrix X represents the output of GCN and it
also works as the input of LSTM. X is the feature matrix of
user i in time ¢, and it has been processed by GCN to serve
as the input matrix for LSTM. R represents the real number
field. N and de in Fig. 8 represent the number of input orders
and the dimensionality of input features. The LSTM model in
parking payment prediction is further elaborated in Sect. 5.4.
TR-GCN includes four major steps. The first step is to con-
struct the user association graphs according to the relevant
observations. We consider three types of association graphs
in our system. In each association graph, we specifically cre-
ate edges that can aggregate users’ information. Accordingly,
we can map users’ features to hidden vectors. The second step
is to construct a graph neural network that can learn the user’s
hidden vector. The user network diagram constructed in the
first step is used as input and put into our GCN for train-
ing. After obtaining the output of GCN, we have a behavior
sequence of users. In the third step, we input the sequence
features into our LSTM module for training and then use

Historical data utilization

the next feature vector of users to predict the final payment
behavior. Fourth, we use the latent vector of LSTM output as
global embeddings and local features of the current order to
input into a fully connected layer for final classification. We
find that such a design can obtain the hidden relationships
between users, using only the parking information.

Solution to challenges Our work, TR-GCN, is motivated
by three challenges, as discussed in Sect. 1, which are suc-
cessfully solved in this paper. First, the data collections of
payment relations, especially the users’ hidden relations, are
difficult to handle. To solve this challenge, we build three user
association graphs to capture the hidden relations from dif-
ferent perspectives. Second, the payment modeling problem
is a time-intensive activity, which involves understanding the
payment behavior from both temporal and spatial perspec-
tives. To handle this challenge, we develop a GCN-based
modeling approach to capture the hidden relations between
users and develop an LSTM-based modeling approach to
utilize the temporal approach. Third, the social impact from
intelligent parking payment prediction is hard to measure. To
solve this challenge, we develop novel experimental designs
to analyze the social impact of our neuron-based payment
prediction method.

Novelty Our novelty is mainly reflected in the following
three aspects. First, for the parking scenario, we integrate the
temporal relational model with graph convolutional model,
which can capture both the spatial relations between users
and the temporal relations between parking records. Second,
we develop a novel data gathering technology to obtain hid-
den relationships between users without knowing the user’s
private data. Third, we prove that a novel reminder can be
built based on TR-GCN to help users establish good payment
habits and save losses.

Relevance to responsible data science TR-GCN not only
explores the application of graph neural networks to data
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management, which can increase our knowledge from the
data we have, but also can validate the reliability of this
method on real datasets and set up the system to verify the
reliability of the relationships we found. Specifically, we pro-
vide a real-world Al application scenario in data science
domain. We also conduct data driven analysis and observa-
tions, and prove the effectiveness of Al-powered data science
technologies. Moreover, we involve data cleaning and selec-
tion for effective learning, detailed in Sect. 5.2. All these
results can shed lights on the future research of Al-powered
data science applications.

In the rest part of this section, we introduce the data prepro-
cessing, GCN-based modeling, and LSTM-based modeling
of TR-GCN, which are the solutions to the challenges men-
tioned in Sect. 4.2.

5.2 Data preprocessing

The original orders are both dirty and messy, with large data
volumes, so the data preprocessing is important in our sys-
tem.

Solving the problem of a large volume of data The large
volume challenge brings us great difficulties. As discussed in
Sect. 4.2, the large data volume adds massive burden to both
data analysis and model training. Consequently, we need to
develop an efficient mechanism to solve the volume chal-
lenge. First, we use the data preprocessing module to correct
the dirty data and gather useful data with proper format, so as
to reduce our analysis and training time. Second, in parameter
setting, we use sampling methods to set parameters through a
small amount of data. Third, we use the preprocessed data for
training, instead of the original data, which can help us store
the data in a more compact form and save memory space. In

@ Springer

addition, we store the input data into memory in blocks, and
then merge the blocks together, instead of putting all the data
into memory at once.

Data collection Our platform covers major cities in China
and has accumulated a large number of users. The number
of our registered users reaches two million. However, the
parking lots could be out of service due to construction, dis-
asters, and activities. Parking lots can be recently put into use
with only a small amount of data. We collected a large num-
ber of parking records from different parking lots in various
cities. More details can be found in Sect. 6.1. These park-
ing lots are representative and relatively stable in operation.
Due to various data resources, we need to merge the data
together. For example, we need to connect users’ parking
records with their membership information through a tele-
phone number-ID table. We collect their user IDs, coupon
usage, contact information, parking lot ID, parking lot loca-
tion, environment, parking start time, end time, payment time
after parking, and payment amount.

Data cleaning After data collection, we need to perform
data cleaning and selection for effective GCN-based model-
ing. Although the Al-powered technology has been proved
to be successful in parking behavior prediction [74,80,81],
the accuracy of payment behavior prediction of TR-GCN
depends on the quality of input data. For example, the
various data format, missing attributes, and outliers in park-
ing records generate adverse effects on the decision model
of parking payment prediction. The general preprocessing
method is not optimized for the parking payment scenario.
We utilize responsible data processing to maximize the qual-
ity of data, including data format transformation, missing
attribute supplement, and outlier analysis, as shown in Fig. 9.
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1) Data format. The first difficulty is data format, because
the collected data attributes are of various data types, such
as date, unique integers, float, and text. We need to design
an efficient structured format to store the collected data. We
use descriptive variables for parking lot surroundings via text
analysis and feature selection method. In addition, we allow a
parking lot to belong to multiple categories. We also turn the
date format from string to a specially designed date format.

2) Missing attributes. The collected records involve miss-
ing attributes, which could be caused by power failure or
other device problems. We do not simply drop the record
with missing features because that means we will drop other
useful information. For example, for the missing categori-
cal features, such as the parking lot, we add a new category
and label the attribute as “missing.” For the missing numer-
ical features, we fill the blank with the mean value of this
attribute. However, for missing important features such as
parking time, we have to remove the record.

3) Outliers. There are also noise data that affect accu-
racy. For example, if the interval between start and end times
is extremely short or long, then this could be an outlier.
There are many studies on detecting and processing noise
data [4,14,34], and an outlier analysis needs to be conducted
to remove noise records. Basically, we follow the rule of
Pauta criterion [66], which assumes that the possibility of
values that lies in the band between (u — 30, u 4 30) is
about 99.73%. u is the mean of the value, and o is the stan-
dard deviation of the value. Any value lies outside the bound
will be labeled as an outlier.

Data decision After data cleaning, we input the prepro-
cessed data into TR-GCN. The GCN-based model builds
the relation graphs from user connection, parking pattern,
and spatial connection dimensions, and the dynamic graphs
are then input into the LSTM-based model. It is noticeable
that the imbalanced data require extra sampling methods for
processing, which shall be discussed in Sect. 6.4. After an
order is generated, TR-GCN provides the information about
whether to remind the user to pay on time.

5.3 GCN-based modeling

In GCN-based modeling, we first generate user association
graphs from different dimensions. Second, we merge these
user association graphs. Third, we input them into GCN for
training. A similar process has also been used in [59,88].

Clustering for user connection graphs We develop an
adaptive clustering method for user connection graphs based
on the traditional K-means [33]. In terms of user clustering,
what we mainly use are users’ payment features.

Regarding the traditional RFM profile user features [8],
we define a user in five dimensions: 1) the interval between
the user’s last payment, 2) the current payment (recency, 0
if it is a new customer), 3) the payment amount of this time,
4) users’ membership, and 5) coupon usage. We use these
features to cluster users. Note that a user is still a point after
clustering. We can measure the distance between two points
and regard it as the similarity of two users’ profile features.
If the distance between two points is less than the threshold
or the distance between k nearest neighbors, an edge shall
be established between the two users. We standardize the
numeric features, and we count the distance between two
nodes as dist = Z?=1 |featurel’.“’de1 — feature;"’d"2 ,
where i denotes the i-th feature of the node. Because the
clustering results from K-means are affected by the centroid
of random initialization at the beginning, which may fall into
local optimum, we utilize the grid search method [5] to gen-
erate ten random numbers in each cluster, and select the result
with the smallest clustering SSE [50].

T represents a timestamp. We set 7 at day granularity
based on the following reasons. First, we observe that most
users generate one or two parking orders per day. Second, the
day granularity is accurate enough from the perspective of
the parking platform. Third, smaller granularity can increase
the graph construction time.

The three types of association graphs are generated as
follows.

1) Profile contact graph For a given time T, we construct

a profile contact graph G/ = (U T E;) The sequence of
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the profile contact graphs for the past T time steps is G
= {G;;T, G;_T“, ey G;,_z, Gi,_l }, where ¢ represents the
current time and Gé, represents the profile contact graph of

the users arrived before day i. UT = {ug} is the list of

users appeared before time 7', and E; = [ (u,T, u/T)} is the
set of edges that connect users according to similar profile
properties.

Basic idea The idea of constructing this graph is that if
the attributes between two users are similar, they are likely
to belong to the same type of consumers, so their payment
behaviors may also be similar. We try to use this connection
to improve the representation of the original features.

Building edges The graph construction process is as fol-
lows. First, we set up a user profile attribute association graph.
We are mainly concerned about the payment habits and pay-
ment amount of users. We use the interval between the user’s
last payment and the current payment (recency, O if it is a
new customer), the payment amount of this time, and coupon
usage, as the user’s profile features. Second, we follow tra-
ditional user profile division methods (RMF model) and use
the clustering method to divide users into three categories
with reference to [8,9].

Third, after clustering, we specify that if the distance
between user features is less than the threshold value (set
by grid-search [38]) or the distance between k nearest neigh-
bors, an edge shall be established between the two users, as
shown in Eq. 2.

1, dist (u;, uj) < al|max (€, distan ;) i # j
ei,j =
0, otherwise

@)

Parameter setting Here, we specify the threshold value
o by using grid-search [38]. Because there are few studies
of constructing association graphs in our parking scenario,
we utilize automatic methods to help us find the suitable
parameter in this situation. There are several unsupervised
clustering methods. We choose K-means [33] for its simplic-
ity and strong interpretability. Since we choose K-means as
our clustering method, we set k according to the clustering
result the user belongs to.

2) Parking period pattern graph For a given time T,
(vT. EL). The
sequence of the time pattern graphs for the past L time steps
is Gyp = {G;;T, G;;T"H, Gﬁ;z, Gf;l}, where ¢ repre-
sents the current time and Gfp represents the time pattern

we construct a time pattern graph g,f, =

a

same list of users in GT, and E,T = { (ulT uJT) } is the set of

constructed edges based on user co-occurrence matrix. The

graph of the users arrived before day i. UT = {ul} is the
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co-occurrence matrix captures the similarities of user parking
time habits.

Basic idea Our basic idea is that if two users have similar
parking times and parking duration, they are likely to belong
to the same identity group. For example, in an office region,
the parking time and duration of the employees in the same
company could be similar.

Building edges In detail, we create the parking time pat-
tern graph in the following three steps. First, to identify the
nodes of our graph, we collect the user list «/, that contains the
users appeared before the given time 7. Second, we create a
co-occurrence matrix A of user time periods, with A = {0}
initially. We stipulate that if user i and user j park at the same
time on the same day (with a time difference of no more than
one hour) and the duration of the parking is also similar, then
weseta; j =a; j+1,a;; € A. We define that the duration
of two parking records are similar only when the follow-
ing two restrictions are met: their lockdown time should not
exceed an hour, and their parking duration should not exceed
two hours. These two thresholds are set according to experi-
ments. More details are shown in Sect. 6.4. Third, given the
threshold y, if a; ; > y, an edge shall be built between user
i and user j, as shown in Eq. 3. In our experiments, we have
95,849 user pairs with similar temporal parking patterns, and
each pair of similar users has 8 parking records on average.
We randomly select 100,000 user pairs, and on average, each
random user pair has 14 parking records.

3)

e = {1, aij =y, i #j
’ 0, otherwise

Parameter setting We also set the parameter y by grid-
search. We have strict constraints for users to have temporal
connections. More details are introduced in Sect. 6.1.

3) Spatial connection graph For a given time T, we con-
struct a spatial pattern graph QST = (U T E ST ) The sequence
of the spatial pattern graphs for the past T time steps is G,
={G!=T,GI-T+! .. G'=2, G'~'}, where ¢ represents the
current time and G represents the spatial pattern graph of

the users arrived before day i. UT = {ul'} is the same list

of users in gg and Q,T, and EST = {(ulT u?)} is the set of
edges built based on the users’ spatial trajectories.

Basic idea Our idea in constructing spatial connection
graph is to use users’ spatial co-occurrence information to
explore the connections of the trajectories of different users.
For example, if a group of users often go to the same group of
parking lots, there could be connections between these users
due to the same trajectory.

Building edges In detail, we try to capture the users’
spatial relevance through their trajectories. We establish a co-
occurrence matrix S = {s; j[Vs; j € S, s;,; = csi j}, where
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cs;i,j is equal to the number of co-occurrence parking lots
two users have co-appeared. We define the number of co-
occurrence parking lots as the number of different common
parking lots used by two users. When two users use the same
parking lot multiple times, we still consider this as one co-
occurrence parking lot. Here, we limit the time period within
three months, which means that if user i parks in the same
parking lot before or after three months compared to the
parking time of user j, we do not count this record as a co-
occurrence. We do not consider the factor of parking time
because we already have a temporal connection graph for
it. For the threshold, we set it to be two to keep the con-
nection graphs dense and credible. Given the threshold y,
if s, j = V. an edge shall be built between user i and user
J, as shown in Equation 4. By building this graph, we can
capture the spatial relations between users that the first two
association graphs ignore. In our experiments, we find that
there are 483,092 user pairs with similar spatial parking pat-
terns, and on average, each user in these pairs has six parking
records. We randomly select 600,000 random user pairs, and
on average, each random user pair has 12 parking records.

1, s;:i>y,1 j
ei,j={ bz E )

0, otherwise

Parameter setting Here, we set the parameter y the same
as the parameter y in the parking period pattern graph. The
reasons that we do not change the way we set y are as follows.
First, as we mentioned before, grid-search is an effective
automatic method that can help us to find the suitable param-
eter. Second, in our observation, the parking spaces of most
users are stable, so the co-occurrence values of two users are
small in most cases. Third, the process of setting parameters
can be consistent.

In summary, we improve the significance of the users’
characteristics by using their similarities in different cor-
relations, so that the users’ characteristics are more repre-
sentative. Through creating the co-occurrence matrix and
clustering, we capture users’ connections and build different
association graphs accordingly. Based on the three associ-
ation graphs, we next construct the multi-dimensional user
association graph. Similar ideas have also been applied in
other domains, such as [73,77,90,97].

Graph fusion After obtaining the user association graphs
from the three different dimensions, we next fuse the three
association graphs to build a complete user association graph.
We extend GCN, a widely used variant of convolutional neu-
ral network, to process the graph data. First, we obtain the
node list and edges from three association graphs. Second, we
traverse the edges of these graphs and fuse the three graphs,
as shown in Fig. 10. We assume that if two users have an edge

in graph G,, G, or Gy, then, there shall be an edge in this
fusion graph with edge weight adjusted appropriately. Third,
we obtain the adjacency matrix A7 and the feature repre-
sentation matrix D7 of the complete user association graph
GT at a given time T. Given time T, our original features
include the amount of the user’s last payment, the interval
between the user’s last two payments, the parking lot ID,
coupon usage, and the parking time and date of the user’s
latest parking record. The feature xaT becomes 10 dimen-

sions, represented as x;a, when it passes through the first
layer of GCN and becomes five dimensions ngga after pass-

ing through the second layer of GCN. Different types of user
parking relationships can be merged together.

Details. When constructing the three connection graphs,
we define the weights as “1/distance” between two users
for the user profile connection graph. For the temporal con-
nection graph and spatial connection graph, we define the
weight as their co-occurrence times. Accordingly, we add
the weights from temporal connection graph, spatial con-
nection graph, and profile contact graph together, and then
normalize the weight. In our method, we consider these three
graphs are of the same importance. Thus, we do not change
the weight of each graph. However, we find that adjustment
on the weights affects the performance of the final model.
We conduct weight adjustment to demonstrate the influence
of choosing different weight for each graph on the overall
performance. We show the weight adjustment in Fig. 11. By
default, the weight of each graph is 1/3. The x axis represents
the weight of the corresponding graph wg. The weights of
the other two graphs are equally divided. When we increase
or decrease the weight of a certain graph, the weights of the
other two graphs will also decrease or increase, and the accu-
racy of the system will also change. Through experiments, we
find that three graphs contribute equally to the overall perfor-
mance. Therefore, we think that they are equally important.

We use a two-layer GCN, which can fully utilize the rela-
tions between neighbors efficiently. We choose GCN because
it can capture the node relations in graphs via message pass-
ing between the nodes, which is very suitable for our parking
payment application scenarios. In detail, in our parking pay-
ment behavior analysis, we treat each user as a node in the
graph while their relations as edges. Furthermore, previous
works [26,40,53] similar to this problem are also handled by
GCN and can achieve good results. Therefore, we use GCN
in payment behavior prediction. We also compare GCN with
other methods such as CART, LSTM, and CNN, which is
detailed in Sect. 6.2.

5.4 LSTM-based modeling

We propose an LSTM-based method in TR-GCN to model
the temporal dependencies among users’ historical transac-
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tions, including an LSTM layer and a fully connected layer.
With LSTM, TR-GCN can learn the payment habits from the
history of users, such as whether the user prefers to pay in the
morning or afternoon. The platform also provide a reminder
service detailed in Sect. 6.3. The reminder should also respect
such habits and send notification in the time period users pre-
fer to pay.

LSTM layer We use LSTM to capture the temporal rela-
tions among users’ historical payment records instead of
simply fusing them for three reasons. First, LSTM can cap-
ture the temporal information from historical events. Since
LSTM has a long-term memory function, which can solve
the problem of gradient disappearance or explosion by gat-
ing mechanism, LSTM can well utilize the temporal irregular
historical payment data. Second, LSTM is a nonlinear neu-
ral network, which means that it not only captures the direct
relations linear models can obtain, but also digs deeper into
the hidden relationship between payment records, so as to
improve the representation of the selected features. Third,
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(b) Temporal connection graph.

(c) Spatial connection graph.

LSTM has been proven to be suitable for parking behav-
ior prediction [2,80]. Based on these analyses, we believe
that LSTM is suitable for capturing the temporal relations in
parking payment prediction.

Considering previous 7 step payment inputs of user i,
which is (xf_T‘H, xl.’_“'z, e, xf) we denote the status of

user / at time step #-/ and ¢ as h§_1 and h!, respectively. The

temporal dependency between hﬁ_l and h can be modeled
by Equation 5.

W=(1=z)oh ™ +2 okl )

zl’. and hf are defined in Equation 6, where W,., W, and W5, are
payment parameters learnt by LSTM. € represents the con-
catenation operation, and o stands for the Hadamard product.
Then, the hidden payment state hf obtained from LSTM is
used as the input of our next fully connected layer.
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Fully connected layer To obtain better results, we adopt
the method of adding a fully connected layer to carry out the
final classification. In this part, the input of the fully con-
nected layer is the three-dimensional hidden payment state
h! that we get from LSTM. To note that we do not add a
normalization layer before the fully connected layer and we
apply relu [56] as our activation layer because it can avoid
vanishing gradient problems. There is only one hidden layer
in this part and the output is two-dimensional because we
need to get the probability. Similar idea has also been used
by Zhang et al. [80].

Details. In our work, we use LSTM to integrate users’
historical payment information. There are many kinds of
temporal neural networks, such as TCN [37], RNN [49],
and GRU [11]. We choose LSTM to process time series
data for three reasons. First, LSTM is a powerful variant
of RNN that can avoid serious problems like vanishing gra-
dient. Second, LSTM provides us more space for adjusting
parameters. Third, LSTM has been proved to be an effective
model in shared parking behavior prediction [80]. Based on
these reasons, we use LSTM in our work to integrate users’
information. To further extract the features for a more precise
prediction result, we add a single-layer fully connection net-
work after the LSTM. In the fully connected layer, we set the
number of neurons in the hidden layer to five by experience.

6 Evaluation

In this section, we first introduce the experimental setup,
including our methodology and dataset. Second, we show our
evaluation results with detailed analysis. Third, we analyze
our graph fusion process.

6.1 Experimental setup

Methodology We use accuracy as the evaluation metric and
compare our TR-GCN with the state-of-the-art payment pre-
diction method [74] which applies CART model [63] in
parking payment prediction, and the LSTM model without
hidden user relationships.

In TR-GCN, we set the parameters mainly based on grid
search [38], which we find powerful in the parameter set-
tings. In both training and testing cases, 7' values represent
different timestamps at day granularity. As to the threshold
y, if y is too low, the connections between users are unstable

and imprecise. In contrast, if y is too high, the graph to be
built will become too sparse and we cannot utilize all useful
information. Hence, we set the range of y from 0 to 5 (we find
users rare to have connections more than five times). After
exploration, we set y to 2 to build the parking period pattern
graph and the spatial connection graph. We leverage a two-
layer GCN due to its effectiveness in modeling graph data.
The dimension of the first layer of GCN is fixed to 10, and the
dimension of the second layer is fixed to 5. The dimension
of the hidden layer of LSTM is set to 52, and the dimension
of the output layer of LSTM is set to 3. At last, we use a fully
connected neural network with the dimension of the hidden
layer set to 5.

The accuracy is defined in Eq. 7. According to [62], T P
denotes the number of correctly predicted delayed payments,
and T N denotes the number of correctly predicted on-time
payments. F P denotes the number of orders mispredicted
as delayed payment, and F'N denotes the number of orders
mispredicted as on-time payment.

TP+TN -
accuracy =
YT FPYTP+FN+FP

Platform TR-GCN has been deployed on a node with Intel
Core i7-10750H CPU equipped with a NVIDIA GeForce
RTX 2070 GPU.

Dataset We collect the payment record from 50 park-
ing lots in nine cities. We randomly show ten parking lots
in Table 1. These parking lots have various surroundings,
including hospitals, commercial streets, residential areas,
and so on. The dataset spans 36 months, from October 20,
2017, to October 20, 2020, with a total of 705,155 payment
records. After data cleaning, we have 655,008 orders in total,
with 451,474 orders belong to the case of a user with more
than 10 records. There are 104,442 users in the dataset, with
10,144 users have more than 10 records. For each record,
the attributes we extract include the order amount, the time
interval from the previous order (0 if there is only one order),
parking lot ID, coupon usage, membership, and date. We use
20% of our dataset as test set, and the remaining records as
the training set. For users who have less than 10 records,
we still use the traditional prediction method since TR-GCN
relies on historical records.

6.2 Prediction accuracy evaluation

Accuracy We show the prediction accuracy of the fifty park-
ing lots in Fig. 12, and we have the following observations.
First, our TR-GCN achieves the highest accuracy of 91.2%,
which is about 7.1% higher than the state-of-the-art method
and 4% higher than the LSTM method. Second, our model
performs well in all kinds of surroundings, which proves
the practicality of our model. TR-GCN performs the best
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Table 1 Parking lot information

(50 parking lots in total) Parking Lot Record# Surrounding Location
P1 13446 Business, residential district City A
P2 10122 Business City B
P3 4872 Business City B
P4 7990 Business City C
P5 125409 Second-hand car mall City D
P6 19326 Hospital City D
P7 38599 Business City E
P8 90627 Business, office City E
P9 8374 Business, office City E
P10 11911 Office City F
P11 9216 Business City C
P12 18370 Uptown City D
P13 1769 Office City C
P14 9621 Business City B
P15 11315 Business City F
P16 9940 Business City E
P17 8942 Uptown City F
P18 36079 Uptown City A
P19 13332 Business City G
P20 40926 Office City C
100 * CNN + GCN © LSTM = TR-GCN Table 2 Prediction analysis of different approaches

< Approach Accurac F1 Recall Precision

L T

g }NL\, \V%N\/ywx h e \M/ q’& TR-GCN 91.2% 65.9% 73.7% 53.1%

3 80 ) LSS B CNN 86.3% 398%  597%  30.0%

© CART 84.1% 30.9% 63.6% 20.4%

70 LSTM 87.8% 42.0% 54.8% 28.6%
0 10 20 30 40 50
parking lot ID

Fig. 12 Prediction accuracy

in 40 out of 50 parking lots. TR-GCN performs worse in
those parking lots mainly because of the data distribution.
For example, in parking lot P35, only 35 out of 16,282 orders
are late payment orders. The two baseline models, LSTM and
CART, tend to predict all orders as in-time payment, while
our TR-GCN can detect more delayed payments. Third, com-
pared with the traditional method that depends on feature
engineering and the LSTM that needs a lot of users’ his-
torical data for training, TR-GCN utilizes the various hidden
relations between users, which greatly increases its accuracy.
Moreover, we measure the throughput of TR-GCN. TR-GCN
handles 235 orders per second, which satisfies the current sit-
uation.

@ Springer

Prediction analysis We further analyze the overall indi-
cators in Table 2. The precision is defined as “T' P /(F P +
T P),” which shows that TR-GCN can better avoid mispre-
dicting on-time payment as delayed payment. The recall is
defined as “T P/(FN + T P),” which shows that TR-GCN
can better avoid mispredicting delayed payment as on-time
payment. The F'1 score is defined as “2 x (precision x
recall)/(precision + recall),” which shows that TR-
GCN achieves significant advantages over current strategies.
Moreover, compared with the baseline, TR-GCN does not
need to carry out special feature engineering processing,
which greatly increases its adaptability.

Precision versus accuracy TR-GCN achieves a high
accuracy score, which means that our prediction results are
accurate and precise. However, accuracy represents all cor-
rectly predicted samples. Although accuracy is commonly
used, it cannot fully meet all the requirements of classifi-
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(a) Different types of parking lots.

Fig. 13 Average accuracy

cation tasks, especially when data are unbalanced. Hence,
we also analyze the results from the precision perspective.
Precision describes the proportion of true positive examples
divided by all positive examples, predicted by the classifier,
that is, the ratio of accurate positive examples predicted by
the classifier. In our scenario, we regard the positive examples
as the delayed payments.

Considering the unbalanced data, we use several metrics
including accuracy, F1, recall, and precision, to evaluate our
experimental results. As shown in Table 2, our method, TR-
GCN, achieves 91.2% in accuracy while the precision score
is 53.1%, which is relatively low. The reasons are as fol-
lows. First, TR-GCN uses unbalanced data, so the precision
result can be influenced. Second, we add weight adjustment
with upsampling, so TR-GCN tends to predict more orders
as delayed payments. Third, although the precision result is
not high, we obtain 73.7% recall, which means we can find
more than 70% of the delayed payments and is satisfying.
Note that precision and recall are two opposite indicators.

Detailed analysis We also exhibit the average accura-
cies of different types of parking lots and cities, as shown in
Fig. 13. We classify parking lots into three major categories
in Fig. 13 a. The office, business, and residence categories
include 9, 31, and 10 parking lots separately. We can see that
TR-GCN achieves clear advantages in all cases. Figure 13 b
shows the average accuracies of different cities, and TR-GCN
achieves the highest accuracy in all cities. For city I, it has
only five parking lots with 5,061 records in total spanning six
months, and the connection graphs are also sparse, which is
insufficient for training. Therefore, TR-GCN achieves minor
advantage over CART. We report in Table 3 the F1 score in
different cities. From Table 3, we can see that in most cities,
TRGCN outperforms the other three models, but in cities
with small number of orders and users, our model is affected
by the sparsity of data. However, with the growing number
of users and orders in all cities, we believe that our model
can satisfy the need for all cities.

We also analyze the false positive rate in different user
groups, as shown in Fig. 14. The false positive rate is defined

average accuracy (%)

CART uLSTM mTR-GCN

100
95

70 “ “ “ |‘ “ “ ‘I ‘l ||
A B C D E F G H

(b) Different cities.

~ 0 o
a o o

Table 3 F1 in different cities

Approach (#Records) CART LSTM CNN TR-GCN
A (887944) 31.4% 44.2% 58.0% 62.1%
B (44742) 36.9% 42.7% 40.5% 55.3%
C (73332) 32.8% 47.0% 49.8% 60.6%
D (37696) 32.2% 41.9% 53.7% 70.1%
E (184835) 26.1% 51.9% 68.6% 73.4%
F (61572) 38.0% 45.1% 53.3% 59.6%
G (204002) 25.5% 46.6% 60.5% 76.0%
H (5908) 48.4% 38.2% 48.6% 56.2%
1(5124) 52.9% 43.0% 50.8% 52.6%

as FP/(FP + TN). FP denotes the number of orders mis-
predicted as delayed payment. T N denotes the number of
correctly predicted on-time payments. We first analyze the
false positive rates (FPR) of users in different types of park-
ing lots, as shown in Fig. 14a. LSTM and CART models tend
to predict all orders as being paid on time, while our TR-GCN
model can detect more delayed payment orders. Note that the
false positive rate of TR-GCN with three association graphs
is lower than that with only one association graph (TRG-
temporal, TRG-portrait, and TRG-spatial), which means that
our method obtains more useful information making the pre-
diction more accurate. Then, we analyze the false positive
rates of user groups with more than and less than ten park-
ing records, as shown in Fig. 14b. For users with less than
ten orders, the false positive rate of TR-GCN is satisfying,
which is 3.15%o. For the user group with more than ten
orders, TR-GCN achieves 12.4%o false positive rate. The
reason why we measure FPR is that in our parking scenario,
the proportion of users who have delayed payment is very
small, which is less than 4.5%, and the distribution of users
is unbalanced. In this case, it is inappropriate to use accuracy
as the main indicator of the evaluation model. On the other
hand, FPR focuses on examining the number of samples that
are incorrectly predicted in negative samples. Therefore, as
a comprehensive evaluation indicator, FPR can better reflect
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Fig. 14 False positive rates in different user groups

the ability of models to identify users who have delayed pay-
ments. Experiments in our paper show that the final FPR
index of TR-GCN reaches 3.52%, which is much lower than
the FPR indexes of the other models. Furthermore, this result
shows that our model has a low probability of having dispar-
ity and does not hurt interests of certain groups. Accordingly,
it is less likely to have wrong predictions and less likely to
harm the interests of users that are wrongly predicted with
delayed payment.

6.3 TR-GCN-based payment reminder

Challenges in reminder service Providing reminder service
involves three challenges to handle. First, every user has her
own payment habits and needs to be respected. Second, few
users have more than three reminding records, which makes
us lack of training data. Third, payment may be related to
many factors, such as the day of the week.

Solution Our TR-GCN can solve the above challenges
and be used to provide payment reminder service. We divide
users into different user groups. Users in each group have
similar payment habits, and we remind them uniformly. For
users lacking records, we use rule-based methods to assist
in reminder, such as reminding users at their average pay-
ment time. Additionally, we propose some relevant factors by
experience, including week day and time. Finally, we verify
them and involve them to our model. We also need to consider
the data security as well as the training efficiency, given that
the system needs to be placed in the cloud [51,52,79,82,84].

Effectiveness 4.43% users have delayed payment more
than three days, and TR-GCN reminder makes 63.1% of these
users pay within a day. Previously, 3.83% users have late
payment more than five days, and TR-GCN reminder reduces
this ratio by 13.8% to 3.32%. Moreover, 2.9% users have late
payment more than a week, and TR-GCN reminder can make
more than half of these users pay. Accordingly, TR-GCN
can help these users establish good payment habits and help
the intelligent platform recover 1.9% profit loss. We show
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our payment reminding results from November 11, 2020 to
November 16, 2020, in Table 4. Approximately half of the
delayed payments can be paid after being reminded. We have
the following findings. First, if a user clicks on our payment
reminder, then the user is very likely to pay (95.6% accuracy).
Second, the payment also relates to the day of the week. For
example, we send messages around nine on November 12
and November 14, but the results vary greatly. The reason
is that November 12 is Thursday; users could be working
and miss our message. November 14 is Saturday so they are
available to pay. Third, after receiving our reminder, some
users still need four hours to delay payment.

Payment behavior comparison before and after
reminder We specify the distribution of users’ payment time
longer than one day with and without our reminder system
in Fig. 15. Figure 15a shows the distribution before using
our reminder service while Fig. 15b shows the distribution
after using TR-GCN reminder. We can see that the proportion
of the users who pay for more than five days has decreased
significantly, which proves the effectiveness of TR-GCN.

In detail, before our reminder service, there are about 4%
orders that belong to the late payment. We further analyze
these late payment orders. Among these orders, 40% orders
are paid within one to three days, 31% orders are paid within
three to five days, and 29% orders are paid after five days,
as illustrated in Fig. 15a. Among these orders, 40% orders
are paid within one to three days, 31% orders are paid within
three to five days, and 29% orders are paid after five days.
In contrast to the original payment distribution, Figure 15b
shows the benefits of our reminder service. The orders that
belong to late payment are reduced to around 2.5% after we
apply our reminder system. Specifically, we can see from
Fig. 15b that the number of orders that are paid within one
to five days increases, and the number of orders that are paid
more than five days decreases. Additionally, 45% orders are
paid within one to three days, and 33% orders are paid within
three to five days. Hence, the orders that are paid for more
than five days decrease to 21%. To conclude, the total number
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Table 4 Effectiveness of payment reminder

Date Sending time #Sending orders #User clicks #Payments Time range Payment rate (%)
2020-11-11 12:23 84 52 50 12:23~14:49 57.14
2020-11-12 9:00 252 118 116 9:23~10:42 22.22
2020-11-13 12:50 98 62 69 12:50~13:49 55.10
2020-11-14 9:21 116 82 92 9:21~13:41 65.52
2020-11-15 14:49 414 127 106 14:49~16:47 27.78
2020-11-16 13:36 125 83 60 13:36~15:58 54.40

(a) Before TR-GCN reminder.

(b) After TR-GCN reminder.

Fig. 15 User distribution in late payments of different periods before
and after reminder

of late payment orders decreases. Our reminder system is
effective for users who forget to pay for a long time.

Comparison with rule-based reminder We compare
our TR-GCN-based reminder to the baseline of rule-based
method, which was used by the parking platform before.
In addition, we also add a simpler LSTM-based neural
method for comparison. The baseline reminds users when
their unpaid time exceeds the average payment time. The
LSTM-based method utilizes LSTM to predict a reminding
time. However, this method cannot utilize the hidden rela-
tionships and thus its payment rate is not as high as that of the
proposed TR-GCN method. The platform adjusts the thresh-
old every three months. We show the comparison results
between TR-GCN and the baselines in Fig.16. Fig.16a shows
the comparison of payment rates in different cities. On aver-
age, TR-GCN outperforms the rule-based method by 18%.
Fig.16b shows the comparison of payment rates in different
types of parking lots. TR-GCN outperforms the rule-based
method by 14.3% on average and outperforms LSTM-based
method by 11% on average. Figure 16¢ shows the payment
rates using different methods in 50 parking lots. TR-GCN
achieves the best payment rates in 44 out of 50 parking lots.
Therefore, TR-GCN is an effective method that can be used
in parking payment reminder systems.

Social impact We use the first ten parking lots to demon-
strate the social impact on trends and unpaid rates in Fig. 17.
First, we can see from Fig. 17a that the number of orders
increases dramatically every year, but the unpaid rate also
shows an increasing trend.

Second, we can see from Fig. 17b that for different park-
ing lots, the unpaid rate is increasing year by year, and the
difference between parking lots is relatively large. For exam-
ple, for parking lot P 1, the unpaid rate in 2020 even exceeds
10%, which seriously affects the profit of P1. Third, we can
see that currently, the overall unpaid rate is not high, but we
should not ignore such rising trends. Consequently, predict-
ing customers’ payment behavior and making corresponding
reminders are of great significance.

6.4 Discussion

In this part, we summarize our contributions and discuss the
biased issues and the applicability to other scenarios.

Summary of findings To better summarize our contribu-
tions and the effectiveness of our model, we list our findings
learnt from our experiments.

First, our model is able to mine hidden information among
users, and outperforms the state-of-the-art method [74]. Due
to data imbalance, we apply four different metrics to evaluate
our prediction results. Overall, our model achieves the best
result.

Second, our GCN for modeling hidden relations plays an
important role in payment prediction. To verify the effec-
tiveness of GCN in delayed payment, we evaluate the model
with GCN removed for comparison. Table 2 shows that with-
out GCN, only LSTM cannot obtain satisfactory results. We
believe that other hidden information can further improve the
accuracy of payment prediction, which we leave to explore
in the future.

Third, TR-GCN not only predicts the delayed payments
but also provides reminder service afterward. TR-GCN
greatly saves the income loss of the shared parking platform
and helps users to build better payment habits.

Biased issue Among the parking records, in-time pay-
ments account for the majority of the records. To identify
the delayed payments, we have explored several possible
solutions, such as upsampling and downsampling [22]. In
our work, we combine resampling and weight adjustment to
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Fig. 16 Payment rate comparison
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Fig. 17 Social impact on trends and unpaid rates. P1, P2, P5, and P7 are built in 2019. P3 and P4 are built in 2018.

P10 are built in 2020

solve the biased data issue. We use upsampling instead of
downsampling because it can utilize more data so that our
model can be more precise and representative. First, we cre-
ate a dictionary that records data from all users, including
their features and the payment result. Second, for each user,
we randomly select one of the user’s delayed records as the
upsampling data. Third, we insert the upsampling data into
the user’s record sequence. If the delayed payments consist
of 30% of the user’s records, we stop the upsampling pro-
cess. We do not generate too many delayed records because
this will degrade our model’s ability to predict in-time pay-
ments. Additionally, we add weight adjustment to further
improve TR-GCN’s performance. We set the loss weight of
mispredicted in-time payments as 1.5, while the loss weight
of mispredicted delayed payments as 1.

Visualization The user relation graphs are changing
dynamically. To visualize this changing process, we use t-
SNE plot [45], which utilizes PCA [57] and KLD [36], to
reduce the four dimensions to two dimensions, as shown in
Fig. 18.

We can see that our clustering method successfully par-
titions the users into different groups. Moreover, the user
relation graphs are changing dynamically. For example,
Fig. 18a shows the clustering result on September 1, 2019,
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Fig. 18 Illustration for dynamic clustering results

while Fig. 18b shows the clustering result on September 1,
2020. We can see that the proportion of the three types of
users has changed significantly. Our LSTM module can cap-
ture the characteristics of such changes.

Applicability to other scenarios Our model can be
applied to other similar parking problems. For example, our
method can be used in issuance of coupons for shared parking
lots. TR-GCN successfully discovers hidden relations among
users and builds association graphs without the personal
information of users. With the hidden relationship mining
in TR-GCN, we can identify the users with more parking
choices, and then we can distribute coupons to these users
to increase their favorability. Other factors, such as weather
information, can also be integrated into the system.
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Note that TR-GCN is not suitable for high-risk domains
since models need to be interpretable in these scenarios. In a
high-risk scenario, in which a positive classification means
that access to a resource will be denied, incorrect positive
classifications can hurt users, while incorrect negative clas-
sifications can hurt the service provider’s business objectives.
Regarding the interpretability, we have explored other mod-
els with better interpretability, such as CART (baseline).
However, the prediction accuracy of these models is lower
than that of TR-GCN. Hence, we regard TR-GCN as a good
choice in the parking lot scenario, which is not high-stake.

For the limitations of the analysis, although the number
of features in our model is limited, we propose a simple
but effective solution to extract the hidden relationships. The
model can successfully handle the input of users with less his-
torical data. Although adding other demographic attributes
can further extract hidden relations to reduce FPR, we find
that the current solution can already generate qualified results
that meet the requirements. Therefore, we leave the explo-
ration for the other demographic attributes in the future.

Maximum processing capacity We perform a simulation
to confirm the maximum throughput of our system. We let the
system process millions of orders directly from memory for
pressure testing, and find that it can process 720,349 orders
per minute, which is much higher than the current data flow
in peak hours. Accordingly, our system still can be efficient
as the scale of workload grows. Moreover, it can be further
accelerated by other optimizations such as [79,83].

Threshold setting for temporal connection graph In
Sect. 5.3, we mention the thresholds for lockdown time
(thresholdl) and parking duration (threshold2). We demon-
strate the impact of different threshold values in the Fig. 19.
We evaluate nine different combinations of thresholdl and
threshold2, with both thresholdl and threshold2 range from
0.5 to 2. If both thresholdl and threshold2 are small, such as
(0.5, 0.5), we find that this combination can incur the lowest
accuracy. The reason is that the connection graph is so sparse
and we can hardly obtain useful information from the con-
nection graph. However, when the thresholds are both large,
such as (2, 2), the accuracy is also low. The reason is that
the scope of the time period is too large, and the extracted
relationships can no longer hold. Hence, we set (1, 2) for
thresholdl and threshold?.

7 Related work

Parking payment prediction has become a hot research topic
in recent days [6,19,30,74,80]. To our knowledge, this is the
first work to mine user hidden connections in shared park-
ing payment prediction under the circumstance of lacking
users’ personal information due to privacy issues. The clos-
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Fig. 19 Relation between threshold and accuracy

est work to ours is [74], which applied a simple machine
learning method, LSTM, to predict late payments. Our work
differs from [74] in many aspects. First, Xu et al. [74] did
not solve the three challenges we mentioned in Sect. 4.2:
the volume challenge, the variety challenge, and the timing
challenge. They only used a small amount of data, and failed
to consider timing issues and heavily relied on feature engi-
neering. In contrast, our work uses a large amount of data and
manages to store and read parking records efficiently. In addi-
tion, we abstract the association graphs between users from
three hidden dimensions as well as considering the historical
information. Our system can also be applied to other similar
problems, such as payment prediction for shared bicycles.

Graph structured data modeling We use GCN to opti-
mize feature vectors due to its applicability and efficiency.
Previous works [26,27,40,53,71] often extract user con-
nections by using their personal information like friend
relationships or contact information. Jiang et al. [27] used
graphical convolutional reinforcement learning to address
the difficulty of rapidly changing relationships in a multi-
agent environment. Xiong et al. [71] developed a new
reinforcement learning framework for learning multi-hop
relational paths. Additionally, many works used GCN and
other variants of graph neural networks for different predic-
tion scenarios [26,40,53].

User behavior modeling and feature embedding There
are many works about relation modeling and feature embed-
ding [7,20,23,46,54,67,94]. Guo et al. [23] proposed a
solution for vehicle routing based on context and routing
preferences. Paul et al. [54] extended the concept of seman-
tic embedding of POIS (points of interest) Magdy et al. [46]
applied automated machine learning techniques to design a
simple and efficient cache-based negative sampling method,
NSCaching. Zhou et al. [94] used the context of social users
for video recommendations based on content and social rela-
tionships.

Time series modeling Many studies leverage time series
datafor prediction [12,16,18,28,39,41,95]. Lietal. [41] intro-
duced the DCRNN (Diffusion Convolution Recurrent Neural
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Network), which captures spatial dependence and temporal
dependence. Donkers et al. [16] extended the RNN so that
the extended RNN better adapts to the task of recommenda-
tion systems. Cini et al. [12] applied RNN to high-precision
electricity demand forecasting, which is one of the main chal-
lenges for smart grids. Farha et al. [18] used a TCN-based
model to classify video frames. Zhu et al. [95] proposed a
spatial-temporal convolutional network for detecting human
action boundaries. Li et al. [39] proposed a system that lever-
ages historical trajectory to predict the best route on time to
minimize on-road time.

8 Conclusion

In this paper, we present TR-GCN, which is a temporal rela-
tional graph convolutional network for payment prediction
on shared parking lots. We first propose a novel approach
to capture the multi-dimensional relations between users to
construct user relational graphs according to user behaviors.
Second, we construct a neuron-based model with GCN and
LSTM to learn users’ hidden relationships. Third, TR-GCN
has been integrated into a real intelligent parking system.
We input all historical records in TR-GCN for training and
provide payment reminder service.

Experiments based on 655 thousand real payment records
show that from 50 intelligent shared parking lots, our TR-
GCN achieves 91.2% prediction accuracy, which is about 7%
higher than the state-of-the-art method. Moreover, the TR-
GCN-based payment reminder service generates large social
impact by helping users establish good payment habits and
reducing losses for parking platforms.
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