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Abstract: Parking lots are typical urban spaces with a large total area and scattered distribution. With
the development of smart cars and shared driving, parking demand is likely to decline. Thus, the
reuse of existing parking spaces presents important opportunities and challenges in the process of
the digital transformation of future cities. One of the key issues in the sustainable renewal of parking
spaces is to make scientific decisions regarding the replacement of functions. Based on relevant data
from the urban area of Hangzhou, this study analyzes the spatial co-location relationships between
parking spaces and other urban points of interest (POIs). By mining the function association patterns,
this research aims to establish a decision-making support model for the function replacement of
parking spaces. The following conclusions are drawn: (1) based on charge, size, and affiliation,
parking lots can be divided into eight categories; (2) parking lots of different charges, sizes, and
affiliations differ in their spatial co-location relationships with POIs; and (3) most parking lots are
suitable for catering services, followed by companies and commercial residences. The innovations
of this research lie in providing scientific references for the renewal of urban fragmented spaces by
mining urban function association rules at the microscale.

Keywords: parking space; function replacement; association rule; POIs; urban renewal

1. Introduction
1.1. Shared Autonomous Vehicles and Parking Space Renewal

In future smart cities, intelligent transportation (such as shared unmanned driving)
characterized by interconnection, sharing, and automation will improve travel efficiency
while having another positive impact on urban development: a significant reduction in pub-
lic parking spaces [1–4]. Carlo Ratti, director of MIT’s Senseable City Laboratory, pointed
out: “Currently, American cars are parked on average about 95% of the time [2].” According
to a report from the Transportation Research Institute of the University of Michigan, once
driverless cars are adopted, US car ownership will drop by up to 43% in the scenario of
level four self-driving (highly autonomous driving) [5]. Additionally, each driverless car
can replace 10–30 operating vehicles [4]. Shared autonomous vehicles (SAVs) have a high
operating rate and a large degree of sharing, which significantly reduces the amount of
required parking area [6,7]. Furthermore, future parking buildings dedicated to SAVs
are completely different from traditional parking lots and can save more space through
management using artificial technology [8]. It is estimated that completely unmanned
driving technologies can be marketed around 2025 [3]. Based on Simons’ estimation [9],
personal driverless cars, along with Uber/Robofleet, will account for approximately 50% of
vehicles in 2035, and possibly up to 75% of vehicles by 2050 (Figure 1). Therefore, many
existing public parking spaces must be transformed and reused for other purposes in the
near future.

Land 2022, 11, 156. https://doi.org/10.3390/land11020156 https://www.mdpi.com/journal/land

https://doi.org/10.3390/land11020156
https://doi.org/10.3390/land11020156
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/land
https://www.mdpi.com
https://orcid.org/0000-0002-9448-7416
https://doi.org/10.3390/land11020156
https://www.mdpi.com/journal/land
https://www.mdpi.com/article/10.3390/land11020156?type=check_update&version=2


Land 2022, 11, 156 2 of 23

Figure 1. Forecast of smart vehicle development (adapted from [9]).

Urban parking spaces are a huge and widely distributed type of urban stock space.
According to a report by the Bank of America, 13% of the land in urban areas in the United
States is used for the construction of parking lots [2]. As Shoup indicated [10], when
deciding on parking lots, city planners often adopt a parking space allocation index based
on the development volume of land use [11,12]. Similarly, major Asian cities have minimum
accessory parking standards for construction projects, and the number of equipped parking
stalls per 100 m2 floor area is 0.3 to 1.0 (Figure 2) [13]. Although this minimum allocation
standard could ease parking restrictions by supplying a reasonable number of parking
facilities, it still consumes considerable land resources and encourages motor vehicle
travel. Hence, existing parking spaces are bound to become important challenges and
opportunities for sustainable urban renewal in the future. The socio-economic significance
of parking space renewal lies not only in coordinating technological innovation with
the evolution of urban morphology, but also in tapping the spatial value of the built
environment. At the theoretical level, it will give birth to new methods of microscale
urban renewal.

Figure 2. Parking space allocation index in Asian cities (adapted from [13]).

1.2. Function Replacement for Parking Space Renewal

One of the key issues in the reuse of parking spaces is function positioning [7]. Al-
though the total area of urban parking spaces is large, they have a scattered distribution
and diverse forms, such as on-street parking, open-air parking, parking buildings, under-
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ground parking, and roof parking. Therefore, function replacements should consider the
environmental characteristics of spaces to be renovated. Additionally, the urban organisms
are a place of diversity and characterized by the compounding of various functional ele-
ments [14,15]. The organizational patterns of urban spaces and functions have their own
logic, which is established in the long-term history of urban development [14]. As the basic
function of modern cities, parking spaces are deeply embedded in the structure. In this
sense, understanding the association rules of parking spaces and other urban functions at
the microscale could offer references for their function replacements. Nevertheless, this is
still a research problem that needs to be addressed, which may be very important in future
urban scenarios where SAVs are adopted.

1.3. Research Purpose

This study aims to establish a function replacement decision model for the renewal of
urban parking spaces. Based on a statistical analysis of the spatial relationships between
parking spaces and urban POIs, this research mines the association rules of urban functions
at the microscale. Taking the urban area of Hangzhou as an example, this study provides
scientific references for urban renewal design strategies in the process of digital urban
transformation. The contributions of this study are as follows:

(1) It analyzes the urban function organization pattern at the microscale level by calculat-
ing the co-locational relationships between parking spaces and other POI types;

(2) It establishes a new function replacement decision model for the renewal of urban
parking spaces, based on the association rules of existing urban functions.

2. Literature Review
2.1. Urban Function Positioning and Replacement

Urban functions are a spatial organization formed naturally, based on comparative ad-
vantages and resource endowments in the process of urban development and evolution [14].
In general, an urban function is an attribute through which a piece of land is characterized
(descriptive function) or regulated (normative function). Further, it has frequently been the
focus of research in many fields such as urban geography, planning, and economics [15].
Urban function is the carrier of urban development, and the improvement in urban de-
velopment quality is manifested in the continuous optimization of urban functions [16].
Optimizing urban functional structures and improving urban environmental quality have
become important ways to achieve high-quality urban development and resolve major
social contradictions [17].

Recently, urban function renovation at the microscale level has received increasing
attention [18]. For example, Sui et al. [19] pointed out that existing research lacks an objec-
tive evaluation of the succession of specific functions in the microscopic view. Schumacher
illustrated the shortcomings and limitations of large-scale urban renovation models and
encouraged the adoption of small-scale urban renovation models [20]. Recently, “renewal,”
“urban acupuncture,” and ”small-scale progressive renewal” have been advocated world-
wide, emphasizing targeted renewals on an original basis instead of massive demolition
and reconstruction. Urban acupuncture [21,22] advocates the use of small-scale precision
interventions to improve the overall urban environment at a diffuse and capillary level.
Relevant research also discusses how to achieve overall urban function development by
improving the linkage between incompatible functions at microscale without making
large-scale reconstructions [23,24].

2.2. Methods for Parking Space Reuse

Regarding the renovation of parking lots, Ziegenfuss [25] established an evaluation
method for function replacement. She analyzed public activities suitable for different types
of ground parking lots and discussed implementation strategies for the temporary reuse of
parking spaces. Simons and Kline discussed the evolving trend of parking spaces under an
SAV scenario and proposed a simple method for evaluating the reuse potential of parking
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buildings [26]. From an economic perspective, their method can determine the appropriate
replacement functions for parking buildings, including day care, recreation rooms, offices,
housing, storage, data centers, stacked parking, and other ancillary spaces needed to
support residential uses. Moreover, through an exploratory analysis, they identified key
factors concerning suitability for reuse, such as floorplate size, ceiling height, zoning, views,
and air rights. Nevertheless, the above-mentioned methods concentrated on the internal
spatial attributes; they ignored the fact that parking spaces are a sub-system of urban
function structures. External environmental conditions (surrounding urban spaces and
functions) could also be very influential when making decisions on function replacement.

2.3. Association Rule Mining of Urban Function at the Microscale

Association rules are an important type of pattern hidden in the data [27]. Association
rule mining is an important task in data mining and has been widely studied in the field
of databases and data analysis [28]. In 1993, Agrawal et al. first proposed the concept
of association rule mining [29]. He pointed out that the goal of association rule mining
is to determine the concurrency relationships contained in data items. Subsequently,
many scholars began to conduct extensive research. A series of related algorithms and
applications in multiple fields have appeared, among which the Apriori algorithm is the
most primitive and classic algorithm for association rule mining [27,28]. Spatial co-location
pattern is a type of spatial association rule that represents the regularity of different types
of geographic entities frequently appearing in clusters in adjacent areas of space [30]. It also
has great application value in many fields, including ecology, public safety, environmental
health, transportation, and commerce [31].

Currently, association rule mining for the co-location relationship of points of interest
(POIs) is an emerging technology for microscale urban function analysis. POIs are point
data that represent real geographic entities, including spatial information (e.g., latitude, lon-
gitude, and address) and attribute information (e.g., name and category). Understanding
the spatial patterns of massive social and economic POI data can improve the rationality of
the decision-making process of urban planning. For example, Chen established a mathe-
matical model based on the abstract relationships between urban function nodes to solve
the problem of function node prediction [32]. Yu et al. analyzed the association modes and
dependence relationships of urban infrastructures by mining the co-location patterns of
POIs in Shenzhen [33]. Using POIs data, Chen et al. proposed a new method for mining
the co-location patterns of urban activities to identify their commonalities and unique-
ness in urban functional space organization [34]. Jiang et al. conducted an identification
and feature analysis of urban functional areas based on the proportions of POIs in urban
space units [35].

3. Materials and Methods
3.1. Research Area

Hangzhou is a major city in China with a large population of 10.71 million and a
constructed area of 666.18 square kilometers [36] (Figure 3). It has subway routes 306.30 km
in length and 1307 bus operation lines [36]. The city also has a large number of private
vehicles, with a total of 2.30 million cars in urban districts [36]. Hangzhou has become a
leading area in China’s innovative applications of artificial intelligence [37]. The residents of
Hangzhou have a high degree of acceptance of digital technology used in urban governance
and daily life, such as mobile payment, smart transportation systems, and smart logistics
systems. Meanwhile, because of the high rate of car ownership (approximately 215 private
vehicles per thousand people) and high level of traffic congestion (the fifth most congested
city of China) [36], the city has a strong traffic demand with unmatched traffic conditions.
It can be assumed that the implementation and popularity of shared driverless cars in
the future will be attractive to residents [38]. Therefore, the urban area of Hangzhou was
selected for the scope of this study.
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Figure 3. The research area.

3.2. Data Source

In this study, parking lots data were obtained from the application programming
interface (API) of the Juhe Data Company (www.juhe.cn, accessed on 6 December 2021).
Data characteristics, such as parking lot name, latitude and longitude coordinates, parking
lot affiliation, parking lot size, and parking charge price, were collected as tables and posts
in the digital layer in a GIS environment as a point feature class. Parking lot affiliation
refers to the function of building with which a parking lot is affiliated, including commer-
cial building, office, public institution, residence, mixture of commercial and residential
buildings, mixture of commercial and office buildings, and tourist attraction. Finally, there
were a total of 2320 points in the study.

The urban POIs of Hangzhou were obtained from the API interface of the AutoNavi
map data (www.amap.com, accessed on 6 December 2021). There were three levels of POI
classification in the AutoNavi map. The detailed classification labels were too complex to
accurately interpret the spatial characteristics of the urban functions. Of the three levels of
classification, the major category labels are close to China’s urban land function standards
and are commonly used in urban function analyses [39,40]. Thus, the major categories of
labels were selected for empirical study, and encompassed 14 categories: accommodation
services; sports and leisure services; public facilities; companies and enterprises; medical
care services; commercial residences; government agencies and social organizations; car
services; daily life services; scientific, educational, and cultural services; shopping services;
financial insurance services; scenic spots; and catering services. After cleaning, 877,720 data
points were obtained.

3.3. Research Process

To find the best replacement function of parking space renewal, this study first ex-
plored the spatial correlations of urban functional units around the parking spaces and
then derived the best replacement functions of parking spaces through association rules.
To achieve this goal, two steps were taken: a basic characteristic analysis and association
rules mining (Figure 4).

www.juhe.cn
www.amap.com
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Figure 4. The research process.

3.3.1. Basic Characteristics and Spatial Statistics

First, this research clarified the spatial distribution of the parking lots. In addition
to location, the three most basic inherent characteristics of the parking lot were analyzed:
charge (parking charging price), size (number of parking stalls), and affiliation (the type of
building to which the parking lot is attached). Then, this research explored whether the
inherent characteristics of parking lots had an impact on the spatial correlation with the
surrounding urban functional units. Such an analysis was based on the spatial statistics of
the urban POIs around each parking lot. POIs within 100 m of the parking lot were counted
and recognized as parking lot functional units (Figure 5). This functional unit, hereinafter
referred to as “functional cluster,” was used as a sample of association rules mining.
According to relevant research [41,42], a space within this range (100 m) is comfortable
for walking and the spatial association rules within this range are relatively clear for
identification, considering the density of POIs.

Figure 5. The co-location relationships of parking spaces and POIs.
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If the characteristics of the parking lot affect the spatial correlations between the
parking lots and POIs, this indicates that many association rules might only be meaningful
for some small groups of parking lots that have similar characteristics. Therefore, in
addition to the association rules for the full sample, local association rule mining for
a subset of full samples is required. Thus, this research adopted a two-step clustering
method to group the parking lots according to their characteristics before conducting
association rule mining for each group.

3.3.2. Association Mining and Function Replacement

In this study, Apriori was used to mine the association rules. The Apriori algorithm
uses indicators such as support, confidence, and lift to indicate the frequency of the asso-
ciation rules. At the microscale, urban function clusters could be sparse [33,34], therefore
reasonable threshold parameters in Apriori should be set to ensure the reliability of the
association rules obtained. Referring to existing research [43,44] and considering the spatial
distribution of parking lots, the association rule thresholds were set at a minimum support
degree (25%) and a minimum confidence degree (90%). The lift degree of the rule should
not be less than one to avoid the interference of false rules.

In the actual data set, a subset of long rules is more likely to receive higher support
degree. However, rules that are too short might have weak practical significance. Therefore,
in this study, association rules whose numbers of antecedents were no less than five were
used to guide function replacement, and were called “rich association rules.” For each
cluster, the top three association rules and the top three association rules with the largest
numbers of antecedents were selected in descending order of support degree. Then, a total
of six association rules were collected as alternatives for function replacement. If there were
fewer than six rules, they were supplemented by the top six association rules in the full
samples, which were selected according to the descending order of support degree.

In an ideal state, the target replacement function could be directed towards its target
by simply looking for the rules in the set of alternative rules. These rules are considered
consistent with the elements of the function cluster around the parking lot. However,
because the association rules were limited by support, confidence, and lift, the association
rules might be “shorter” than the item sets before filtering by the three rules. This meant that
the numbers of antecedents in some alternative rules were likely to be less than the numbers
of elements in functional clusters. Theoretically, an item set of more than five POIs could
reach 3432 combinations, which might be much higher than the number of rules for a single
cluster. Therefore, this research used “similarity” instead of consistency for selecting the
target rules. Specifically, cosine similarity was used to evaluate the suitability of alternatives.
Through a cosine similarity comparison, the alternative with the highest similarity was
selected as the target rule and the consequence of the target rule was considered to be a
replacement function. Finally, the alternative results for all parking lots were calculated
and analyzed.

3.4. Method of Mining Association Rules
3.4.1. Apriori

The mining of association rules was a core part of this research. It concerned how to
determine the kind of urban function unit that is the best alternative for parking lots when
facing a multi-type urban function combination. Within a certain spatial range (within the
range of the parking lot function cluster in this study), multiple types of urban function
units might exist simultaneously. These units could have complex interrelationships.
Therefore, the many-to-one instead of one-to-one spatial associations was calculated and
analyzed for actual urban function replacement.

In this study, since 14 labels were used to characterize the POI data of urban function
units, the number of possible combinations of these labels would be 214. Therefore, this
study adopted the Apriori algorithm as the data mining method to cope with the large
capacity and complexity of the data. Apriori is a classic association rules mining algorithm
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first proposed by Agrawal et al. in 1993 for shopping basket analysis [29]. Since then, it has
been widely used in commercial consumer behavior, network security, management, and
other fields [45–47]. In recent years, it has gradually been applied by scholars in geography
and urban planning to discuss the layout of urban facilities [43].

Association rules can be expressed as the form “X→Y” which means that if X occurs,
then Y occurs. In this association rule, X is the antecedent, which is the condition of an
event and Y is the consequent, which is the result of an event. For example, in this research,
there might be an association rule “shopping services→catering services”, which means
that if there is a shopping service, then there may also be a catering service nearby. If the
association rule “shopping services→catering services” does not exist in all cases, then a
method to describe the frequency of the association rule is needed. In the Apriori algorithm,
three indicators—support, confidence, and lift—are used to indicate the frequency of the
association rules.

The degree of support refers to the probability of “X→Y” in all item sets, and the
formula is as follows:

Support(X → Y) = P(X ∪Y) = Number(X ∪Y)/Number(Allsamples) (1)

where Support(X→Y) is the degree of support and P(X∪Y) is the probability that both X
and Y are included in the item set. Generally, a minimum threshold (minimum support) is
set to remove association rules with a low probability of occurrence and to obtain an item
set with a higher probability. For example, if there are 100 function clusters, among which
10 clusters have both shopping and catering services, then the support degree of “shopping
services→catering services” is 10%.

The confidence degree represents the probability of item sets containing both X and Y
in the item sets containing X. The formula used is as follows:

Con f idence(X → Y) = P(Y|X) = P(X ∪Y)/P(X) (2)

where Confidence (X→Y) is the degree of confidence and P(Y|X) represents the probability
of Y occurring under the condition that X occurs in the association rule. Similar to the
support degree, the confidence degree requires a minimum threshold to be set as a filter
condition during the calculation process. In the previous case, if there are 20 clusters
containing shopping services among the total of 100 function clusters, and 10 clusters have
both shopping services and catering services, then the confidence degree of “shopping
services→catering services” is 50%.

The degree of lift represents the ratio of the possibility of containing X and Y si-
multaneously as the possibility of containing Y but excluding X. The formula used is
as follows:

Li f t(X → Y) = P(Y|X)/P(Y) = Con f idence(X → Y)/P(Y) (3)

where Lift (X→Y) is the lift degree, and P(Y) is the probability of Y. When the lift is 1, X
and Y are independent of each other; the higher the lift, the stronger the spatial correlation
is between X and Y. In the previous case, if other situations are not changed and if there are
50 clusters containing shopping services of all the function clusters, then the lift degree of
“shopping services→catering services” is one.

The input data for the Apriori algorithm in this study are listed in Table 1. The input
variables were virtual. Their assignment method was that, if a certain type existed in
a function cluster, it was assigned a value of one; otherwise, it was assigned a value of zero.
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Table 1. The input variables of Apriori.

Input Variable Variable Type and Assignments Sample Size Numbers

accommodation services virtual variable, if it exists = 1, else = 0 2320 839
car services virtual variable, if it exists = 1, else = 0 2320 640
catering services virtual variable, if it exists = 1, else = 0 2320 1499
commercial residence virtual variable, if it exists = 1, else = 0 2320 1413
companies and enterprises virtual variable, if it exists = 1, else = 0 2320 1596
daily life services virtual variable, if it exists = 1, else = 0 2320 1749
financial insurance services virtual variable, if it exists = 1, else = 0 2320 635
government agencies and social organizations virtual variable, if it exists = 1, else = 0 2320 1017
medical care services virtual variable, if it exists = 1, else = 0 2320 927
public facilities virtual variable, if it exists = 1, else = 0 2320 642
scenic spots virtual variable, if it exists = 1, else = 0 2320 303
science, education and cultural services virtual variable, if it exists = 1, else = 0 2320 1287
shopping services virtual variable, if it exists = 1, else = 0 2320 1722
sports and leisure services virtual variable, if it exists = 1, else = 0 2320 980

3.4.2. Two-Step Clustering

Two-step clustering is applicable to the categorization of mixed-attribute datasets
and able to automatically find the optimal number of clusters. Therefore, it is suitable for
categorizing the parking lots in this research. The method is divided into two steps: the
first step is to analyze the samples in the data set one by one and divide them into many
small clusters; the second is to merge these small clusters by the hierarchical clustering
method and find the best cluster number according to the Bayesian Information Criterion
(BIC) [48]. The input variables for two-step clustering are listed in Table 2.

Table 2. The input variables of two-step cluster.

Input Variable Variable Type Sample Size Average Standard Deviation

affiliation label 2320 - -
size numerical 2320 155.47 229.63

charge numerical 2320 5.62 4.27

3.4.3. Cosine Similarity

Cosine similarity is commonly used in a similarity comparison of word vectors by
measuring the cosine of the angle between two vectors. In this research, the elements in the
antecedents of the association rules and those in the function clusters could be regarded
as words from a dictionary with 14 words. Thus, the antecedents of the alternatives and
item sets of function clusters could be regarded as word vectors. The formula for cosine
similarity calculation is as follows:

similarity(A, B) = cos θ =
n

∑
i=1

Ai × Bi/

√
n

∑
i=1

(Ai)
2 ×

√
n

∑
i=1

(Bi)
2 (4)

where Ai, Bi are two vectors Ai = [A1, A2, . . . , Ai], Bi = [B1, B2, . . . , Bi], respectively, and
represent the word vectors of the alternatives and function clusters, respectively, and the
subscript i is the index of 14 POI types representing urban functions. The input data are
presented in Table 3.
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Table 3. The classes and basic characters of input variables of cosine similarity.

Input Variables Variable Types

accommodation services virtual variable, if it exists = 1, else = 0
car services virtual variable, if it exists = 1, else = 0
catering services virtual variable, if it exists = 1, else = 0
commercial housing virtual variable, if it exists = 1, else = 0
companies and enterprises virtual variable, if it exists = 1, else = 0
daily life services virtual variable, if it exists = 1, else = 0
financial insurance services virtual variable, if it exists = 1, else = 0
government agencies and social organizations virtual variable, if it exists = 1, else = 0
medical care services virtual variable, if it exists = 1, else = 0
public facilities virtual variable, if it exists = 1, else = 0
scenic spots virtual variable, if it exists = 1, else = 0
science, education and cultural services virtual variable, if it exists = 1, else = 0
shopping services virtual variable, if it exists = 1, else = 0
sports and leisure services virtual variable, if it exists = 1, else = 0

3.4.4. GIS and Relevant Statistical Methods for Correlation Analysis

In this study, GIS was used as the platform for data spatialization, which included the
spatial layering of parking lots and POIs, observing the spatial distribution of parking lots,
calculating the spatial co-location relationship between parking lots and POIs, generating
functional clusters, and finally presenting the results of function replacement. The Pearson’s
correlation coefficient was used to evaluate the significance of the co-location relationships.
In the end of this research, a cross-analysis based on Random Forest [49] was conducted to
analyze the impact of parking lot characteristics on the results of function replacement.

4. Results and Analysis
4.1. General Features of the Analysis of Parking Space
4.1.1. Description on Characteristics of Parking Spaces

As shown in Figure 6, there were seven kinds of parking lot affiliations in Hangzhou:
commercial buildings, offices, public institutions, residences, mixtures of commercial and
residential buildings, mixtures of commercial and office buildings, and tourist attractions.
The number of parking lots for commercial buildings were the largest, with a total of 1062,
accounting for 45.78%. This was followed by the number of parking lots for the office,
with a total of 384 (16.55%). Parking lots affiliated with public institutions, residences,
and mixtures of commercial buildings and residential buildings were relatively balanced,
accounting for approximately 10% of all parking lots. The number of parking lots was the
smallest for tourist attractions, with only 60, accounting for 2.59%. As shown in Figure 6,
both the parking charging price and the size of the parking lots had a long-tail distribution.
The average number of parking stalls was 155.47. Further, there were 41 super-large parking
lots with more than 1000 stalls, accounting for 1.77% of the total. Regarding parking fees,
the average price was 5.53 RMB/hour. Twenty parking lots charged more than 10 RMB/h,
accounting for 0.86% of the total. In general, the changes in the sizes and charging prices of
parking lots were smooth intervals.

4.1.2. Spatial Distribution of Parking Spaces

The kernel density analysis in Figure 7 shows that the overall spatial distribution of
charging prices of parking lots indicated a spatial “core-periphery” model, with higher
density in the core area of the city and decreasing density near the suburbs. This pattern was
particularly similar to the distribution of land rents. According to the Alonso model [50],
land rent gradually decreases from the city center to the surrounding area. The kernel
density analysis in Figure 8 shows that the spatial distribution of sizes of parking lots was
opposite to that of charging prices. The average size of parking lots in the urban core area
was smaller (with less stalls) than that in the suburbs. On one hand, the accessibility of
a single large-scale parking lot could not be as good as several small ones. On the other
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hand, due to the high density and compact space of the downtown area, it was difficult
to find a place to build a single large-scale parking lot. However, in terms of the spatial
distribution of large parking lots whose stalls were over 140, there was a certain multi-center
pattern. In addition to the city center, there were a certain number of large parking lots in
the eastern, western, northern, and southern riverside regions, which were closely related
to the spatial distribution of shopping malls and office buildings in downtown Hangzhou.

Figure 6. Characteristics of the parking lots in Hangzhou.

Figure 7. The kernel density of parking lots’ charges.

Regarding the distribution of parking lot affiliations, for each affiliation type, the
number of parking lots located inside the round-city highway were higher than that
outside (Figure 9). Meanwhile, the distribution characteristics differed among the seven
affiliation types of parking lots. Those affiliated with public institutions presented an
obvious single-center, multi-cluster model. For public institutions, the peak area of the
parking lot layout in the city center was much denser than that of the surrounding areas.
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This might be due to the central layout of the administrative districts. The parking lot
layouts for commercial buildings, offices, mixtures of commercial buildings and residences,
and mixtures of commercial buildings and offices were relatively similar to multi-center
patterns. Large-scale medium-density areas were formed in the west, riverside, and east
of these affiliation types. Residential parking lots were more evenly distributed; although
they also formed a multi-center pattern, and some belt-shaped areas were connected. The
distribution of the above six affiliation types was generally different in shape, but a common
feature was the spatial pattern of “city center-peripheral clusters.” Conversely, the type
of tourist attraction was decentralized. Except for the West Lake Scenic Area close to the
city center, which reflected the unique spatial form features of Hangzhou, the rest were
scattered across various scenic spots.

Figure 8. The kernel density of parking lots’ sizes.

Figure 9. The affiliations of parking lots in and outside the round-city highway.

The preliminary data analysis showed that there was strong independence among the
charging price, stall number, and affiliation type of parking lots. The Pearson correlation
coefficient between the charging price and stall number was extremely low (less than 0.1).
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Moreover, neither the charging price nor stall number could be used as a sufficient explana-
tory variable to explain the affiliation type of the parking lots. The distributions of the three,
especially the charge, had a strong correlation with location. However, because the research
scope was not an ideal surface state [50], the charge distribution was not uniform in all
directions, as shown in Figure 5. Therefore, the explanatory power of the spatial location
for microscale space was invalid in this research. In other words, the basic three charac-
teristics of parking lots could not be simply represented by spatial location. These three
characteristics should be considered in the spatial analysis of parking lots. On this basis,
2320 parking lot function clusters were counted as basic samples of spatial association.

4.1.3. Co-Location Relationship of Parking Space and POIs

This study explored the relationships between POIs of various types and parking
lots based on the calculation of parking lot function clusters. The sample groups, divided
according to the three basic characteristics of parking lots, were compared. The Pearson
coefficient was used to reflect the strength of the co-location relationship. If the Pearson
coefficient was 0.9 or greater, then it was considered a strong correlation. If the Pearson
coefficient was between 0.6 and 0.9, it was considered a general relationship. A Pearson
coefficient of less than 0.6 was considered a weak relationship.

In this study, the samples were divided into three groups according to parking charging
price: low (lower than 4 RMB/hour), medium (4–6 RMB/hour), and high (greater than
6 RMB/h). As Table 4 shows, the co-location relationships differed at the three price
intervals. In the low-price range, parking lots had a strong correlation with commercial
residences. The POIs of science, education, and cultural services, sports and leisure services,
accommodation services, and financial and insurance services were generally correlated
with parking lots, whereas other POI types showed a weak correlation. In the medium-price
range, the discrepancy in the correlations was significant. There were strong relationships
between parking lots and POIs of scientific, educational, and cultural services, commercial
residences, government agencies and social organizations, sports and leisure services,
companies and enterprises, daily life services, and medical and health services. Finance
and insurance, catering, accommodation, and car services were generally related to parking
lots. The remaining POI types were weakly related. In the high-price interval, only
general and weak correlations existed. General correlations included science, education,
cultural services, and automobile services. In general, in the medium-price interval, the
co-location relationships between parking lots and POIs were more obvious than in low-or
high-price intervals.

Table 4. The correlations between POIs and parking lots in different charge groups.

POI Types
Charging Price

Low Medium High
accommodation services 0.80 0.86 0.11
car services 0.26 0.76 0.61
catering services 0.26 0.88 0.37
commercial residence 0.96 1.00 0.01
companies and enterprises 0.11 0.98 0.52
daily life services 0.01 0.96 0.00
financial insurance services 0.66 0.89 0.20
government agencies and social organizations 0.18 1.00 0.01
medical care services 0.13 0.94 0.48
public facilities 0.44 0.01 0.32
scenic spots 0.25 0.56 0.24
science, education and cultural services 0.82 1.00 0.84
shopping services 0.51 0.54 0.45
sports and leisure services 0.80 0.98 0.04

The data indicates the Pearson coefficient. Data in deep gray means the correlation between parking lot and POIs is
strong, while data in light gray means the correlation is general, and without gray means the correlation is weak.
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According to the stall number, the parking lots were divided into three sizes: small
(from 0 to 50), medium (from 51 to 150), and large (more than 150). As shown in Table 5,
scenic spots, commercial residences, medical care services, and scientific, educational, and
cultural services were all strongly related to small parking lots. For the same group, com-
panies, public facilities, government agencies, social organizations, car services, catering
services, and shopping services were generally related, while the rest were weakly related.
For medium-sized parking lots, catering and accommodation services were strongly re-
lated, while scientific, educational, and cultural services, daily life services, scenic spots,
sports and leisure services, shopping services, and car services were generally related. The
remaining POI types were weakly related. For large parking lots, government agencies
and social organizations and scientific, educational, and cultural services were strongly
associated with parking lots, while scenic spots, medical and health services, commer-
cial housing, companies and enterprises, public facilities, daily life services, shopping
services, sports and leisure services, and financial and insurance services were closely
related. The remaining types were weakly related. Compared with Table 4, the average
discrepancy of correlations between different size groups was not as obvious as that be-
tween charge groups, although the change tendency of correlations between groups varied
for different POIs, as shown in Table 5. Furthermore, the average value of the Pearson
correlation coefficients in Table 5 was higher than that in Table 4, indicating that size (stall
number) was a feature that significantly affected the status of parking spaces in the urban
function structure.

Table 5. The correlations between POIs and parking lots in different size groups.

POI Types
Size

Small Medium Large
accommodation services 0.21 0.92 0.49
car services 0.67 0.62 0.45
catering services 0.66 0.97 0.56
commercial housing 0.98 0.26 0.87
companies and enterprises 0.88 0.28 0.85
daily life services 0.53 0.86 0.79
financial insurance services 0.00 0.56 0.71
government agencies and social organizations 0.75 0.17 0.98
medical care services 0.96 0.14 0.88
public facilities 0.81 0.51 0.82
scenic spots 1.00 0.77 0.90
science, education and cultural services 0.94 0.87 0.94
shopping services 0.61 0.61 0.77
sports and leisure services 0.35 0.71 0.75

The data indicates the Pearson coefficient. The meanings of the colors in data are the same as Table 4.

As shown in Table 6, there was a large difference between affiliation groups in terms of
the co-location relationship between POIs and parking spaces. For parking lots for commer-
cial buildings, accommodation services were strongly related. Public facilities, companies
and enterprises, shopping services, financial and insurance services, scientific, educational,
and cultural services, automobile services, a mixture of commercial residential buildings,
and life services were generally related. The remaining POI types were weakly related to
parking spaces. Parking lots affiliated with office buildings were strongly related to daily
life services, sports and leisure services, medical and health services, government agencies,
social organizations, and accommodation services. Scenic spots, public facilities, companies
and enterprises, shopping services, financial insurance services, scientific, educational,
cultural services, car services, commercial residences, daily life services, sports, and leisure
services were generally related. The remaining POI types were weakly related. Parking
lots for public institutions were moderately connected with only two POI types: sports and
leisure and accommodation services; and weakly related to all the remaining POI types.
Parking lots for residential buildings were strongly associated with public facilities, com-
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panies and enterprises, scientific, educational, and cultural services, government agencies
and social organizations, and accommodation services. They were generally associated
with catering, shopping, financial insurance, daily life, sports and leisure, and medical care
services. The remaining POI types were weakly associated. Parking spaces for a mixture
of commercial and residential buildings were strongly associated with companies and
enterprises, government agencies, and social organizations, and were generally related to
catering services, public facilities, shopping services, daily life services, sports and leisure
services, medical care services, and accommodation services. The remaining types were
found to be weakly associated. Parking spaces affiliated with a mixture of commercial and
office buildings were strongly related to financial insurance and car services, while being
generally related to sports, leisure, and accommodation services. The remaining types were
weakly related. Except for a strong correlation with scenic spots, parking lots for tourist
attractions were weakly connected to all POI types.

Table 6. The correlations between POIs and parking in different affiliation groups.

POI Types
Affiliation

CM OB PI RD CR CO TA
accommodation services 1.00 1.00 0.77 0.98 0.82 0.70 0.20
car services 0.43 0.83 0.14 0.03 0.06 0.99 0.14
catering services 0.33 0.64 0.42 0.66 0.75 0.35 0.06
commercial housing 0.06 0.70 0.23 0.36 0.47 0.31 0.27
companies and enterprises 0.81 0.71 0.51 1.00 0.92 0.58 0.22
daily life services 0.74 0.99 0.48 0.87 0.89 0.03 0.14
financial insurance services 0.68 0.78 0.35 0.72 0.48 0.94 0.16
government agencies and social organizations 0.17 0.92 0.04 0.99 0.98 0.32 0.25
medical care services 0.24 0.04 0.51 0.84 0.77 0.45 0.03
public facilities 0.65 0.60 0.43 0.99 0.79 0.49 0.15
scenic spots 0.03 0.69 0.32 0.16 0.45 0.58 0.92
science, education, and cultural services 0.43 0.78 0.35 0.94 0.20 0.28 0.15
shopping services 0.87 0.30 0.56 0.65 0.75 0.01 0.07
sports and leisure services 0.03 0.88 0.85 0.84 0.73 0.82 0.27

The data indicates the Pearson coefficient. The meanings of the colors in data are the same as Table 4. Commercial
buildings = CM, office building = OB, public institution = PI, residence = RD, mixture of commercial and residential
buildings = CR, mixture of commercial and office buildings = CO, tourist attractions = TA

4.2. Analysis of Function Replacement
4.2.1. Two-Step Clustering Results

As explained in Section 3.3.1, it is better to divide the sample set before conducting
association rule mining. Because all three characteristics (i.e., charging price, size, and
affiliation type) affected the co-location relationships between parking lots and POIs, these
characteristics should be considered during the grouping process. Additionally, if the
sample set was directly cross-divided, the number of divided sample sets theoretically
reached 63, taking the levels of these characteristics into consideration. In this research, the
quantity of samples in each group would be inadequate to achieve a better generalized
performance of rule mining [48]. Moreover, some groups with mixed features were more
likely to be a refined classification of the sample set. Thus, the sample set was divided
into eight groups by two-step clustering. Figure 10 shows that the largest cluster contains
359 samples, accounting for approximately 16% of all samples, and the smallest sample
contains 241 samples, accounting for approximately 10%. Overall, the divisions were
relatively balanced, and the contour coefficient was 0.82, indicating that the clustering effect
was acceptable.
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Figure 10. The numbers of the clusters.

The parking lots in Cluster 1 were mainly for commercial use (190) or for office
buildings (89), with an average charge of 5.00 RMB/hour and an average stall number of
123. Generally, Cluster 1 was comprised of medium priced, large-scale, and commercial
affiliations. Cluster 2 was a parking cluster of low-cost (average 3.91 RMB/hour), larger-
scale (average 419 stalls), and residential affiliation. Cluster 3 generally included high-
priced, small, and commercial buildings. Cluster 4 was an office building parking lot of
large-scale and medium cost. Cluster 5 mainly contained large-scale commercial parking
lots with medium costs. Cluster 6 mainly contained parking lots for public institutions,
which were large-scale and low cost. Cluster 7 mainly consisted of parking lots of medium-
scale and high costs, and was composed mostly of a mixture of commercial and residential
buildings. Cluster 8 was a cluster of parking locations for commercial buildings of small-
scale and low costs.

4.2.2. Function Association Rules

Based on a support degree of 25%, a confidence degree of 90%, and a lift degree of
one, a rule set composed of 6079 rules was obtained for eight groups and full sample
sets. The distribution of the obtained association rules is shown in Figure 11. In the
composition of the overall rules, government, science and education, and medical care
groups appeared more frequently in the antecedents. Many of these functional units were
public institutions that relied on government investment, such as large hospitals, high
schools, and public junior high schools. They played an important motivating role in spatial
gatherings. In contrast, shopping, catering, and living services accounted for a relatively
high proportion of the consequences. Almost all functional units were dependent on the
market configuration and had strong spatial compatibility. These were choices with a better
generalization performance in the process of functional replacement.

Figure 11. Function associate rules of the clusters.

Under the limitation that the length of the antecedents of the rule was not less than
five, 1151 association rules were obtained, as shown in Figure 11. There were six types of
functions in the consequent, which were the target functions for replacement, as follows:
company enterprises, commercial residences, daily life services, scientific, educational, and
cultural services, shopping services, and catering services. Of these, the number of rules
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with science, education, and cultural services as consequent was relatively small, with a
total of 99 rules, accounting for 8.60% of the total. This might be because a considerable
number of public service functions in science, education, and culture are large-scale facilities
configured by the government. Furthermore, the remaining target functions were more
balanced with approximately 200 rules for each. In the actual selection process, there was
no association rule with more than five elements in the antecedents in the rule set of Cluster
8 (Figure 11). Thus, we used the rule of the full sample set to supplement this. The top two
candidate rules of each cluster (sorted according to the degree of support) were listed in
Table 7.

Table 7. Most relevant associate rules for each cluster.

Antecedents Consequent Support(%) Confidence(%) Cluster

SEC,CE,CS,CR,SS DLS 41.91 99.01 1
SEC,CE,CS,CR,DLS SS 41.49 100.00 1
SLS,CR,CS,SS,DLS CE 29.86 90.36 2
SLS,CE,CS,SS,DLS CR 29.86 90.36 2
SEC,CR,CS,SS,DLS CE 40.11 90.97 3
SEC,CE,CS,SS,DLS CR 39.28 92.91 3

GASO,CR,CE,SS,DLS CS 32.21 90.70 4
SEC,CR,CS,SS,DLS CE 31.84 91.76 4
SEC,CS,CE,LS,SS CR 39.26 93.68 5
SEC,CR,CS,LS,SS CE 38.84 94.68 5

SEC,CS,CE,SS,DLS CR 32.13 90.00 6
SEC,CR,CS,SS,DLS CE 31.73 91.14 6
SEC,CE,CS,CR,SS DLS 41.91 99.01 7

SEC,CE,CS,CR,DLS SS 41.49 100.00 7
SEC,CR,CS,SS,DLS CE 35.56 91.15 8
SEC,CR,CE,SS,DLS CS 34.35 94.35 8

Science, education and cultural services = SEC, companies and enterprises = CE, catering services = CS, commercial
residences = CR, shopping services = SS, daily life services = DLS, sports and leisure services = SLS, government
agencies and social organizations = GASO.

4.2.3. Replacement Results Based on the Association Rules

Figure 12 shows the function replacement results for 2320 parking lots in Hangzhou by
similarity matching based on the association rules. As shown in Figure 12, 675 parking lots
were expected to be replaced by catering services, accounting for the highest proportion
(29.09%) of all the samples. The second alternative was companies and enterprises (28.10%),
followed by commercial residential buildings (25.95%). The remaining three POI types
accounted for relatively small portions, including 192 parking lots replaced by scientific,
educational, and cultural services, accounting for 8.28%, and 174 parking lots replaced by
shopping services, accounting for 7.50%. The number of parking lots suitable for daily life
services was the lowest, at only 25, accounting for 1.08%.

A cross-analysis of the replacement results and parking lot characteristics (Table 8)
showed that parking lots replaced by companies and enterprises were more likely to be
larger-size, higher-charging parking lots affiliated to office buildings. The parking lots
that were most likely to be replaced by commercial residences include office parking
lots with super-large and low-to-medium charging prices or parking lots for mixtures of
commercial and residential buildings with moderately high charging prices. This indicated
that commercial residences require larger reserved spaces adjacent to offices or central
areas. Another case involved parking lots affiliated with tourist attractions with lower
prices, indicating that commercial residences also preferred scenic spots with a good
environment. Parking lots replaced by science, education, and cultural services were more
likely to be affiliated with public institutions with lower charging prices, which might result
from the public welfare nature of this urban function. Others to be replaced as science,
education, and cultural facilities were more likely to be transformed from parking lots
for commercial buildings with higher charges. Nowadays, mass education is generally
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valued; therefore, market-oriented urban units of science, education, and culture services
have higher rent-paying capabilities and tend to select locations with better business
environments. Shopping services were highly compatible and could replace parking lots in
public institutions, office buildings, and commercial buildings. Generally, the rent-paying
capacity of entities for shopping services is strong, and their requirements for space size are
relatively flexible. Therefore, small or large parking lots were both suitable to be replaced
as shopping services. Catering services also have strong rent-paying capacity. They were
more likely to replace parking lots for office buildings, which demonstrated that catering
services were highly correlated with working spaces and deeply affected by the employee
population. In general, daily life services should be closer to the resident population and
were more likely to replace parking lots affiliated with residences. Comparatively, some
daily life functions, such as laundry and electrical appliance maintenance shops, do not
require large spaces and could replace medium-sized parking lots.

Figure 12. The results of function replacement of parking spaces according to the associate rules.
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Table 8. Most relevant rules for the replacement function.

Most Relevant Rules Replacement Function

Affiliation = office and Size = (515,712] and Charge = (5.50,25.00] CE
Affiliation = office and Size = (1100,2183] and Charge = [0.00,7.00] CR
Affiliation = mixture of commercial and residential building and Charge = [5.50,9.00] CR
Affiliation = tourist attraction and Charge = [0.00,4.50] CR
Affiliation = public institution and Charge = (1.00,2.50] SEC
Affiliation = commercial building and Size (0,485] and Charge = (8.50,25.00] SEC
Affiliation = commercial building and Price = (8.50,25.00] SEC
Affiliation = public institutions and Size = (658,2183] and Charge = (9.00,25.00] SS
Affiliation = office and Size = (242,2183] and Charge = (7.00,9.00] SS
Affiliation = commercial building and Size = (419,2183] and Charge = (7.00,8.00] SS
Affiliation = office and Charge = (9.00,25.00] CS
Affiliation = office and Size = (379,2183] and Charge = (5.500,25.00] CS
Affiliation = office and Size = (419,2183] and Charge = (9.00,25.00] CS
Affiliation = residence and Size = (93,638] and Charge = (9.00,25.00] DLS

Science, education and cultural services = SEC, companies and enterprises = CE, catering services = CS, commercial
residences = CR, shopping services = SS, daily life services = DLS.

5. Discussion
5.1. Decision-Making of Function Replacement of Parking Space

In the scenario of SAV adoption, the renewal and reuse of urban parking spaces is
an important issue faced by urban management and planning departments. Function
positioning is the basis for the design and implementation of parking space renewal. Most
previous studies have focused on the characteristics of architectural space and structural
status in order to compare the adaptability of the functions to be replaced. Few studies
have considered the functional positioning of individual cases based on the logic of urban
function structure. However, an architectural design scheme is the result of the combined
action of internal and external factors [51]. The renewal decision-making at the microscale
should consider the environmental factors at the macroscale [19–24].

Based on the analysis in Section 4.1, this study found that the characteristic difference
in parking spaces was significant, and the distributions of these characteristics were very
uneven among samples. For large urban spaces, such as parking lots, it is necessary to
first classify them based on their characteristics and then implement renewal strategies
according to the classifications. Second, the geographical distributions of parking spaces
with different characteristics have certain regularities, indicating that these characteristics
reflect the external environmental conditions of parking spaces. For example, the parking
charging price is related to urban land rents, and the parking size may characterize the
area’s motor vehicle accessibility. The functions of the buildings to which parking spaces
are attached are directly related to the urban function layout. Hence, to better understand
the renewal potential of existing architectural spaces, the external environment cannot
be ignored. Any architectural function should be considered based on the relationship
between the building and city.

The spatial co-location relationships between parking spaces and POIs indicate that
there is a logic of urban functional organization at the microscale. As discussed in
Section 4.1.3, spatial relationships are influenced by the characteristics of parking lots.
For example, parking lots with higher charging prices are often located in areas with higher
land rent and density, where parking lots are denser (as shown in Figure 7). Therefore,
the setting of parking lots in these places mainly considers the availability of space that
can be used as parking instead of the accessibility of the space to other urban functions.
In contrast, in urban fringe areas, parking lots and POIs are both relatively scattered, and
parking lots are better located around large buildings for convenience of use. Therefore,
the spatial co-location relationship is not significant. Similarly, the differences between the
parking space size groups (Table 5) can be explained by the characteristics of the POIs. For
example, large hotels that provide accommodation services in cities are generally fewer
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than small-or medium-scale hotels. For economic reasons, ordinary city hotels do not set up
large parking lots. Meanwhile, a parking lot that is too small may also be inconvenient. As
for the results in Table 6, they can be regarded as the relationships between urban functions,
with parking lots observed as an intermediary. As shown in Table 6, the parking lots for
residences have the highest correlation with POIs among all urban functions, while public
institutions have the weakest correlation. This result is also reflected in the most relevant
association rules in Table 7. All the most relevant rules contain commercial residences, but
only one rule includes the POI type of government agency and social organization. From
Tables 7 and 8, it can be seen that association rules differ between parking lots clusters.
Considering that the location of parking lots affects their characteristics to some extent,
it might be said that the association rules are influenced by the urban zoning, while the
urban zoning could be reflected in the changing proportions of POIs in different urban
areas [35]. In this sense, parking space renewal is determined by urban function structures
at both micro- and macro- scales. Hence, the decision-making of function positioning for
parking space renewal is complex, and a scientific quantitative analysis of this issue is
of importance.

5.2. Implications for Renewal of Urban Systematic Space

High-quality urban functional spaces provide strong support for high-quality urban
development. Currently, relevant research and practice have mostly focused on the spatial
structure and evolution of a single functional type, being the macroscale of cities and
regions [52–54]. Few studies have discussed the succession of urban functions at a micro-
spatial scale. However, the renewal of micro-urban functional and spatial structures directly
affects residents’ quality of life [55]. In recent years, urban function renewal has placed
more emphasis on improving the functional integration of micro-spaces, achieving the
effect of repairing urban texture [56–59].

Parking spaces organize an urban system. The form and distribution of parking spaces
make their renewal mode special. This renewal mode is based on scattered individual
cases. However, they can form a network effect at the meso-regional level within a certain
time and space, and ultimately play the overall role of a spatial system at the macro-city
level [60]. Therefore, a diachronic dynamic process management process is required. In
other words, the current process needs to integrate the macro- and micro- perspectives and
coordinate the short- and long-term needs. In this sense, this study adopts big data models
to establish the association pattern mining of spatial co-location relationships, providing
the possibility of exploring a way to update the fragmented urban systematic spaces. The
value of this research is also embodied in the coordination of the interests of all parties in
sustainable renewal projects for government decision-making and design management.

5.3. Limits and Prospects

Apart from the limitations related to the research scope and data size, the following
aspects still need to be addressed in future research.

First, urban functions are diverse and continue to change. In particular, the functional
subdivisions of micro-urban space are more complicated [15,19]. The results of this study
and the decision-making model are based on an analysis of the existing elements of the
urban functional structure. However, in future urban renewal, various new functions will
appear that need to be incorporated into the existing urban functional structure. Therefore,
future research needs forecasting methods that can integrate new urban microscale func-
tions. These methods may be based on expert opinions and an exhaustive method to mine
association patterns.

It is also worth noting that sustainability issues in digital transformation lie not only
in the rationality of urban functional structures, but also in the matching of function and
form. For example, the renewal of underground parking spaces is subject to the original
form, so a better combination of function and space can result in better performance, for
example, of energy efficiency and carbon emission [61,62]. Therefore, the urban renewal of
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systematic spaces, such as parking lots, requires a unified and comprehensive consideration
of multiple goals.

6. Conclusions

With the advent of shared autonomous vehicles, parking demand will be greatly
reduced, and existing urban parking spaces will be reused for new functions. Based on
the association rule mining of co-location relationships of parking spaces and POIs, this
research establishes a decision support model for the function replacement of parking
lot renewal in the process of urban transformation. In total, 2320 parking spaces and
877,720 POIs in the urban area of Hangzhou were used for this analysis. The conclusions of
this study are as follows:

(1) The overall spatial distribution of the scale and price of the parking lot presents
a “core-periphery” pattern; while the general distribution pattern of parking space
type is a “city center-peripheral cluster”;

(2) For various parking prices, scales, and affiliation building types, the spatial co-location
relationships between parking spaces and POIs are different, and the global correlation
between parking lots and POIs is relatively weak;

(3) In the eight grouped and full sample sets, based on a support degree of 25%, a confi-
dence degree of 90%, and a lift degree of one, a rule set composed of 6079 rules was
obtained, of which 1151 rules were with the first item of no less than five;

(4) The majority of existing parking spaces, most of which are affiliated with office
buildings, are suitable for being replaced into the function of catering services. Those
for companies and commercial housing are the second and third, respectively;

(5) The renewal process for urban parking space systems needs to integrate macro-
and micro-perspectives and coordinate short- and long-term needs. The decision
model based on the urban function association pattern provides a renewal method for
a fragmented urban systematic space.
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