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Abstract. As the sharing economy is booming in China, many intelli-
gent shared parking lots appear. Since more and more Chinese house-
holds own cars, it is necessary to study the payment behavior of shared
parking lots, which may represent the entire sharing economy. In detail,
we analyze the factors that influence users’ payment and predict users’
payment behavior of whether and when users will deliver parking bills
after parking. We use 29,733 real parking records provided by Huach-
ing Tech, a top smart parking company in China, in our study. After a
comprehensive statistical analysis, we use decision tree model to predict
users’ payment behavior. Experiments show that the decision tree model
can reach 79% accuracy.

Keywords: Payment Behavior · Payment Time Prediction · Shared
Parking Lots

1 Introduction

For intelligent shared parking lots, users’ untimely payment behavior has become
a serious problem. Fortunately, based on users’ parking and payment records,
we can predict their payment time and provide timely action to reduce delayed
payment behaviors. To achieve this goal, we need to analyze the parking dataset
containing parking records and user data with parking and payment history.

Parking related behavior prediction has become a hot research topic in re-
cent days. Alho and others [1] proposed a prediction method for urban freight
parking demand using linear regression and generalized linear models. We also
explored the relations between parking and weather information [4, 13]. In terms
of payment prediction, Wen and others [12] explored the customer behavior and
developed a probabilistic graphical model to predict the consumption behavior
of a single user.

Compared with the previous work, we predict the payment behavior with
limited information, which poses large difficulties in our research. In detail, cur-
rently, most users have a small number of parking records; even worse, the users
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who have delay payments usually have only one or two parking records. We not
only need to clean and preprocess the data, but also need to design appropriate
classification criteria.

We provide an effective solution to payment behavior prediction. We first
analyze the factors that may cause users’ delay payment, and extract relevant
features from the obtained payment records. Second, we divide the features into
two categories: numerical features and category features, and then we preprocess
these two types of features. Third, we use decision tree model [10] and 10-fold
cross-validation [6] to predict payment behavior. Experiments show that we can
predict the payment types of orders and gain good prediction results of 79.73%
accuracy.

2 Background and Motivation

We introduce the delayed payment behavior and decision tree model in this
section.

Delayed Payment The purpose of delayed payment is to provide customers
with a time buffer for convenience. However, by analyzing the payment records
provided by Huaching Tech (http://www.huaching.com/), we find that 4.22%
users prefer to pay after three days, and some users forgot to pay the parking
fee, which could be a potential problem in the sharing economy. Fortunately,
if we can predict the user payment behavior, the parking system can provide
better services, such as payment reminders, which is also the motivation of this
work.

Decision Tree The decision tree model is a predictive model, and it is
composed of a tree-like model and possible results [10]. According to the different
types of target variables, the decision trees can be categorized as classification
trees, regression trees, and CART (Classification And Regression Trees) [10]. In
our work, we use payment records to train and generate CART for predicting the
users’ payment time. We choose this model due to its simplicity and effectiveness.

3 Payment Behavior Prediction and Statistical Analysis

We show our prediction method and statistical analysis in this section.
Payment Records. We randomly select a parking lot in Hangzhou, China.

Our users’ parking dataset spans 14 months from April 9th, 2019 to June 29th,
2020, which consists of 29,733 parking records. We divide the records into three
categories: 1) arrears, whose payment durations are more than three days, 2)
late payments, whose payment durations are longer than one day but less than
three days, and 3) timely payments, whose payment durations are less than one
hour.

To better understand the correlation between payment data and predict pay-
ment behavior, we analyze the correlations between payment time and related
features. The related features can be divided into two categories: categorical
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features and numerical features. The categorical features include year, month,
and user’s identity (whether a user has a membership). The numerical features
include 1) the money calculated as order amount minus deposit amount, 2) the
total number of parkings, 3) the parking duration of this record, and 4) the
average payment duration in days.

Categorical Features. We first explore the relationship between user late
payment ratio and different category features. We show part of the relation
between dates and payment behaviors in Figure 1. We can see that the ratio of
orders to be paid has an upward trend, possibly because the number of users is
increasing year by year. We can also observe that there is a sharp decrease in
February 2020, which is due to the coronavirus pandemic (COVID-19) [7].

Fig. 1. Relation between dates and payment behaviors.

Numerical Features. We next analyze the numerical features and possible
influence factors. We first clean up the outliers. We regard the records with the
parking duration less than 5 minutes as noise data. From our analysis of these
numerical features, we find that there is a certain linear correlation between the
user’s past payment time and the payment time of this order. We also observe
that the users who have unpaid records have only one or two parking times.

4 Experiment

In this section, we evaluate our payment prediction method and analyze the
results.

Evaluation Method. We use the decision tree model [10], as discussed in
Section 2, to predict users’ payment behavior. We train and test the model using
10-fold cross-validation [6]. The evaluation metrics we use are the average F1-
macro [11] shown in Equation 1 and accuracy [8] shown in Equation 2. In the
10-fold cross-validation, the datasets are divided into ten equal parts. There are
ten rounds, and one part is used as a test set and the rest as a training set in one
round, which means that we use 26,760 records as training data and the rest as
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test data in one round. Our validation results(F1-macro, accuracy) are averaged
over the rounds.

Average F1 − macro =

10∑
j=0

3∑
l=1

2 ∗
(
precisionjl ∗ recalljl

)
precisionjl + recalljl

/30 (1)

Average accuracy =

10∑
j=0

CRj

ALj
/10 (2)

In Equation 1, l denotes the classes to be classified. In Equation 2, CR stands
for the number of correctly predicted results, and AL denotes the number of all
test samples.

Decision Tree. We use the decision tree, CART [10], to predict the orders’
payment type. As described in Section 2, decision tree is a supervised model of
classification and it learns decision rules from features. We develop the model by
using the DecisionTreeClassifier module in SKlearn [9] with python. The depth
of the decision tree is automatically set by SKlearn.

Results. We use the features mentioned in Section 3 and use the CART
model for our prediction. We demonstrate our partial results in Figure 2; other
parts of the results are similar. To distinguish between unpaid orders and paid
orders, we change the payment time of unpaid orders to negative values. From
Figure 2, We have the following observations. First, our method can predict most
cases; on average, it achieves 79.73% accuracy. Second, 80.26% of cases belong
to timely payments, 2.96% of cases belong to late payments, and 16.79% of
cases belong to arrears, which implies that the current payment situation is fine.
Third, our method is good at identifying unpayable orders, which is important
to shared parking scenarios.

Fig. 2. Predicted payment time vs real payment time.
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5 Conclusion
In this paper, we have analyzed payment behavior for a shared parking lot by
leveraging related payment features. We exhibit our methods on how to perform
feature analysis, and also use the CART model for parking payment predic-
tion. Experimental results demonstrate the advantage of our method, and show
that the CART model is effective in payment prediction, which achieves 79.73%
accuracy.
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