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Abstract: With the sharp increase in the number of vehicles, the issue of parking difficulties has emerged as an
urgent challenge that many cities need to address promptly. In the task of predicting large-scale urban parking
data, existing research often lacks effective deep learning models and strategies. To tackle this challenge, this paper
proposes an innovative framework for predicting large-scale urban parking graphs leveraging real-time service
capabilities, aimed at improving the accuracy and efficiency of parking predictions. Specifically, we introduce a
graph attention mechanism that assesses the real-time service capabilities of parking lots to construct a dynamic
parking graph that accurately reflects real preferences in parking behavior. To effectively handle large-scale
parking data, this study combines graph coarsening techniques with temporal convolutional autoencoders to
achieve unified dimension reduction of the complex urban parking graph structure and features. Subsequently,
we use a spatio-temporal graph convolutional model to make predictions based on the coarsened graph, and a pre-
trained autoencoder-decoder module restores the predicted results to their original data dimensions, completing
the task. Our methodology has been rigorously tested on a real dataset from parking lots in Shenzhen. The
experimental results indicate that compared to traditional parking prediction models, our framework achieves
improvements of 46.8% and 30.5% in accuracy and efficiency, respectively. Remarkably, with the expansion of the
graph'’s scale, our framework’s advantages become even more apparent, showcasing its substantial potential for

solving complex urban parking dilemmas in practical scenarios.

Keywords: large-scale urban parking prediction; real-time parking service capacity; graph coarsening; temporal
convolutional autoencoder; graph attention

1. Introduction

Urban transportation systems are facing serious challenges due to the continuous increase in
the number of vehicles. Recent statistics[1] reveal that vehicle ownership in China escalated to 417
million in 2022, complemented by a striking addition of 34.78 million new registrations within the
year. Particularly at the urban scale, as many as 13 cities saw an increase in car ownership by more
than 3 million vehicles, including metropolises like Beijing, Shanghai, and Shenzhen. This surge in
vehicle numbers not only leads to traffic congestion but also severely exacerbates parking issues. The
expansion of urban parking facilities and spaces cannot keep pace with the growth in vehicle numbers,
making it exceedingly difficult to find parking in city centers and commercial areas.

To alleviate the parking difficulty issue, urban-level smart parking platforms [2] have emerged. By
leveraging cutting-edge technologies such as digital twins, the Internet of Things, and cloud computing
[3], these platforms have successfully integrated urban parking facility resources, effectively solving
the problem of information asymmetry between users and available parking spaces. Taking the Wuhan
smart parking project [4] as an example, by the end of 2022, the platform had integrated more than 4,000
parking lots, including approximately 480,000 parking space data. With its portability, the platform
offers convenience to citizens, who can easily check real-time parking availability in different areas
through their mobile phones and use services such as parking reservation [5] and parking navigation
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[6-8] to achieve precise parking. In these platforms, the key to providing smart parking services lies in
parking prediction technology [9]. Indeed, parking prediction has always been a hot research topic in
urban parking technology [10,11]. By effectively predicting the availability of parking spaces in future
time periods, it can not only enhance user experience but also improve parking turnover, optimize
drivers’ parking behavior, and thereby help to allocate urban parking resources rationally.

Recent studies have framed such parking prediction tasks as spatio-temporal graph modeling
problems [12]. On one hand, this is because parking lots are connected through urban road networks,
forming unique parking graphs [13], for which graph convolutional networks can be utilized to capture
the spatial characteristics of the parking graph [14]. On the other hand, given the tidal characteristics
of parking flow, recurrent neural networks can be employed to fit the time series regression of parking
data [15]. This approach, which considers both spatial and temporal dependencies, is known as
spatio-temporal Graph Convolutional Networks (GCNSs).

However, for the vehicle-dense cities mentioned above, with the rapid development of wireless
sensors and the widespread use of vehicles [16], a massive influx of real-time parking data continuously
flows into urban-level parking platforms. This leads to a dramatic increase in the volume of parking
data managed by existing platforms and the coverage range of the parking Internet of Things network
[17]. The rapid influx of such information necessitates an unsustainable amount of time to train
spatio-temporal GCNs at the required scale for large-scale urban parking prediction.

To reduce the resources and time costs involved in training the aforementioned models, scholars
have been dedicated to finding efficient graph dimensionality reduction techniques [18]. Among
various studies, graph coarsening [19] stands out as one of the mainstream methods that can achieve
this aim. Its core concept involves merging certain nodes within the graph into a hypernode and then
using these hypernodes to construct a coarsened graph, thereby enhancing the learning efficiency and
scalability of large-scale graphs [20]. However, a prevailing issue is that existing coarsening methods
struggle to be directly applied to complex parking scenarios:

1. The quality of the input graph significantly determines the performance of downstream tasks[21].
For parking graphs, a high-quality parking graph is not only an abstraction of spatial topology but
also a adequate representation of parking behavior and decision-making. Neglecting either aspect
will limit the understanding of parking scenarios, thereby negatively affecting the effectiveness

of subsequent coarsening tasks as well as the accuracy and robustness of prediction tasks.
2. Most of the existing coarsening methods only consider reducing the size of the graph structure

[22], and the node features of the coarsened graph still being obtained by concatenating the
original data. This means that the amount of data has not changed. If the model is trained
directly based on the coarsened parking graph, the training overhead is not significantly reduced.
Moreover, since the coarsened parking graph loses the original topology, the merged data corre-
sponding to the hypernodes also lose their spatial features, leading to a decrease in prediction
accuracy.

Graph attention networks (GAT) have attracted much attention in the transportation field [23]
over recent years. By selectively focusing on specific nodes and discerning the importance among
various nodes, these mechanisms help models to capture deeper hidden information in the traffic
scenarios [24], thereby elevating predictive accuracy. The ParkingRank algorithm [25], which assesses
the real-time service capability of parking lots using their static attributes, has been widely applied
in parking recommendations [26], parking guidance [2], and other related tasks. We posit that this
methodology can be interpreted as a preference-based attention mechanism, adept at capturing
the service capability variations across different parking lots by evaluating their significance. This
nuanced attention mechanism, by thoroughly considering node characteristics alongside topological
connections, offers enriched guidance for the coarsening process, enhancing the model’s overall utility
and effectiveness.

Meanwhile, autoencoders (AEs) have been widely used in traffic data compression and reconstruc-
tion tasks due to their theoretical ability to achieve lossless compression [27]. Specifically, the encoding
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module is able to learn the high-dimensional sparse information in traffic data and successfully encode
it into a low-dimensional dense tensor [28] for more efficient traffic prediction, while the decoding
module is tasked with reconstructing the condensed representations back to their original data form
[29]. In this framework, we argue that the introduction of an AE can compensate for the lack of
compression of node features in the graph coarsening process. Through the synergy of the encoding
and decoding modules, a unified dimensionality reduction of the parking graph structure and features
can be achieved, thus providing a more efficient and accurate data representation for the downstream
parking prediction task. In summary, the main contributions of this paper can be summarized as
follows:

¢ We have proposed a method for constructing parking graphs that leverages a ParkingRank graph
attention mechanism. This method intricately integrates the real-time service capacity assessment
of parking lots into a graph attention network, creating a parking graph that accurately mirrors
real-world parking behavior preferences. This graph is adept at capturing the complexity of
parking scenarios, while also remaining flexible enough to adapt to its dynamic shifts, laying the
foundation for downstream coarsening as well as prediction tasks.

¢ We introduce a novel framework for parking prediction that employs a graph coarsening tech-
niques and temporal convolutional autoencoder[30], designed to diminish the resource and time
expenditures associated with urban parking prediction models. The scheme can make up for
the shortcomings of traditional coarsening methods that neglect the dimensionality reduction of
node features, and realize the unified dimensionality reduction of urban parking graph structure
and features. Moreover, by incorporating temporal convolutional networks in the encoding-
decoding phase, our approach not only significantly enhances the dimensionality reduction
and reconstruction capabilities for parking time series data but also ensures the accuracy of the
parking prediction task. Additionally, the compact data volume within each hypernode allows
for the parallel processing of encoding-decoding operations across different sets of parking time
series data, further boosting the overall training efficiency of the parking prediction task.

This paper is structured as follows: Section II provides a concise overview of spatio-temporal
GCNs for parking prediction, techniques for dimensionality reduction in large-scale graphs, and the
applications of Autoencoders (AE). Section III delves into the specifics of our innovative ParkingRank
graph attention model and outlines our parking prediction methodology, which leverages TCN-AE
for coarsening. Section IV details the experimental framework and analysis employed to assess
the effectiveness of our proposed approach. We conclude by summarizing the key insights and
contributions of this study.

2. Related WORK

2.1. Spatio-Temporal Graph Convolutional Models

Spatio-temporal GCNs [31] have emerged as a powerful and prevalent approach within the realm
of traffic prediction, adept at navigating the intricacies of traffic graphs by integrating both spatial
and temporal dependencies. Unlike relying solely on GCNs or RNNSs, spatio-temporal GCNs excel at
dissecting time-series data embedded in graph structures [32], thereby yielding more precise prediction.
For instance, Zhao et al. [33] introduced the T-GCN model, ingeniously combining GCN with GRU to
understand the intricate topology of traffic networks and the dynamic shifts in traffic data, enhancing
the capture of spatio-temporal characteristics more effectively. In a similar vein, Sun et al. [34] unveiled
DDSTGCN, leveraging TCN to track variations in traffic states alongside GCN for topology learning,
markedly boosting traffic prediction accuracy. In recent years, scholars have suggested employing
attention mechanisms to bolster the extraction of spatio-temporal features, thereby extending the
model’s interpretability. Zheng et al. [35] proposed a novel strategy that incorporates spatial and
temporal attention layers to elucidate the spatio-temporal correlations within heterogeneous traffic
flows, thereby not only elevating predictive performance but also the interpretability of the findings.
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Furthermore, Li et al. [36] developed AST-GAT, incorporating multi-head graph attention and attention-
based LSTM modules to intricately map the spatio-temporal interdependencies among road segments,
aiming to refine the precision of traffic prediction.

Due to the inherent structural and functional similarities between urban transportation networks
and urban parking networks, both involve complex spatial relationships and dynamically changing
temporal characteristics. Leveraging advanced spatio-temporal graph convolutional models from
the field of traffic prediction, we believe can effectively enhance the accuracy of parking prediction.
However, in the domain of parking prediction, the industrial sector continues to prioritize concerns
regarding time costs and resource consumption, with a current lack of effective solutions. These
challenges will limit the feasibility and effectiveness of the aforementioned spatio-temporal graph
convolutional models in practical industrial applications.

2.2. Techniques for Dimensionality Reduction in Large-Scale Graphs

As the scale of graphs continues to expand, finding a universal method that can simplify the
structure while preserving key attributes becomes increasingly important. Simplified graph repre-
sentations not only facilitate storage but also offer efficiency in approximate algorithms [20]. There
are mainly two methods for simplifying graphs: The first method, known as graph sparsification
[37], approximates the maintenance of distance relationships between node pairs by removing edges
from the graph. However, for highly structured parking graphs, this method might lose the original
graph’s connectivity. An improved method is the K-neighbors Sparsifier [38], which performs local
sparsification on each node by setting a threshold, but still introduces high computational complexity.
With the growing popularity of deep learning, Wu et al. [39] proposed GSGAN, which generates new
graphs through GANSs to preserve the community structure of the original graph, but it introduces
edges that do not exist in the original graph and contradicts reality.

The second approach is known as graph coarsening [40], which aims to reduce the number of
nodes to a subset of the original nodes while maintaining the original graph properties. The key to
graph coarsening [21] lies in the ability to accurately measure the variations before and after coarsening.
The GraClus [41] technique, and the MCCA [42] algorithm all employ the idea of greediness by
constantly compacting the connected regions of the original graph. However, these approaches lack
guarantees for global optimization. Recently, spectral graph theory [22] proved that graphs with
similar spectra are usually considered to have similar topologies. Therefore, the idea of minimizing the
spectral distance can be introduced into the coarsening process, using the eigenvalues of the graphs to
measure the structural similarity and ensuring that the generated coarsened graphs can maintain the
properties of the original graphs.

However, we have observed that current graph coarsening methods primarily focus on reducing
the complexity of the graph structure while often neglecting the dimensionality of node features. This
approach does not effectively reduce the actual volume of parking data in large-scale urban parking
prediction tasks. Although the parking network structure has been somewhat simplified through
graph coarsening techniques, the training overhead for downstream parking prediction models has
not decreased as significantly as anticipated.

2.3. Applications of Autoencoders

AEs have demonstrated remarkable proficiency in managing intricate spatio-temporal data
relevant to transportation systems [35]. Typically employing symmetrically structured encoders and
decoders for unsupervised learning, these AEs are adept not only at distilling input data into compact
representations of potential vectors [27], but also at restoring the data to its original dimensions. They
achieve this by optimizing the reconstruction of the data’s objective, thereby minimizing loss [29]. For
instance, the TGAE introduced by Wang et al. [43] adeptly captures the underlying patterns of traffic
flow through a spatio-temporal AE, facilitating the prediction of future traffic information. Similarly,
the TCN-AE devised by Mo et al. [44] leverages TCNs within its encoding module to extract features
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from temporal data, subsequently utilizing the decoding module to map latent representations back to
the original data space, thus enabling anomaly detection.

Inspired by the capabilities of AEs in dimensionality reduction and key feature extraction of
spatio-temporal data, we propose the integration of AEs into large-scale urban parking prediction
tasks, aiming to address the limitations of traditional coarsening methods in handling parking lot
node features. Additionally, by leveraging the advantages of TCN in processing complex temporal
data, AEs can more accurately capture and analyze the parking patterns within different parking lots,
thereby significantly enhancing the performance and depth of understanding of downstream parking
prediction models.

3. Methodology

3.1. Problem Definition

In this paper, our goal is to effectively reduce the time and resource costs of parking prediction
models by achieving a unified reduction in the dimensions of the structure and feature data of urban
parking graphs, while ensuring the accuracy of parking prediction tasks. The urban parking graph can
be represented as G = (V,E, A), where V denotes the set of parking nodes, E denotes the set of edges,
and A € RN*N denotes the directed adjacency matrix, N = |V|.

The parking prediction problem [12] can be interpreted as: given a parking graph G and historical
parking data X(;_t1),, for T time slices before time f, learning a function F to predict future parking

data Y(t +1): (417 for T’ time slices after time ¢, as shown in Equation 1.

Yir1yam) = F(X—141):6,G), 1

where the parking data X = {x1,x,,...,x7} € RT*N*F represents the parking flow information
observed at T time slices for all parking lots. Each x; corresponds to a time slice and includes N
parking lot nodes, each with F dimensional features, including the longitude, latitude, openness to the
public, charging situation, and real-time occupancy rate of the parking lot.

3.2. ParkingRank Graph Attention

Graph coarsening, as the current mainstream graph dimensionality reduction technique, aims
to overcome the huge computational obstacles faced by large-scale graph data when processing,
extracting and analyzing. Typically, the input for graph coarsening is the graph adjacency matrix [21].
When dealing with complex structures such as urban parking graphs, the traditional adjacency matrix
constructed from topological relationships is obviously difficult to adequately capture the complexity
and diversity of the real parking landscape. In fact, drivers do not only consider the proximity of
parking lots in the region when making parking decisions, but also comprehensively compare the
distance of regional parking lots, real-time space occupancy rate, openness to the public, and charging
situation, and other factors. Therefore, before performing the task of urban parking graph coarsening,
we need a high-quality parking graph that can truly reflect the preference of parking behavior and
adapt to the dynamic change of parking demand.

GAT [45] is an advanced spatial-based graph neural network methodology, whose primary
advantage lies in redefining the aggregation of node features. Unlike GCN that typically assign
equal weights to all neighboring nodes for information aggregation, GAT introduces an attention
mechanism. This allows the model to dynamically allocate varying weights based on the importance
of each neighboring node. Such a strategy enables GAT to more effectively capture spatial correlations
within road networks and selectively emphasize those nodes that are crucial for the current task. In
the application of urban parking network prediction, this feature of GAT is particularly significant. It
enables the network to flexibly capture important relationships between parking nodes, focusing on
those nodes that are critical for the current prediction task. We believe that this not only helps in more
accurately describing the correlations between different parking lots but also aids in constructing an
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efficient parking network that reflects the relevancy of parking spaces. The overall framework of our
proposed PRGAT is shown in Figure 1:

NXN
Acombinea € R

Graph Attention Modules %
[P [ [ty [
' i i i 1 ' i
' A ' 1 1 ' 1
] 1 ! '

NXN
Parking Service Aqten ER

H
' . 1 1 ' :
R AN V(o ! HECYX AR | !
Il > Capacit — Il 'GE?. 1o o, 1o _®ol, |q.% !
X Quantz:fica}t)ion Xiow () E ‘qo i i °o o/ i °o [ E ! _l
[Q— 1 ' 1 1
Modules f R e R : N = X () I

' Q)go ' 1o, 091 1o o9 | '
L C/HR Y b %) H %)
' H ' H ' I ! '
b [ [ R

NXN
et el ifeg [ ef)i Eo\%:
s o, 00! Vo ! H !
oo | TN N e
0 9
Q Oo_ |
_— Parking Spatiotemporal Transfer Modules e OO (0]

Figure 1. The structure of PRGAT.

Given the complexity of the parking data X directly inputting the high-dimensional data x; into
GAT would lead to considerable computational redundancy, thereby increasing the model’s time cost.
To address this, we adopt a dimensionality reduction strategy that involves extracting and abstracting
certain features of the parking lots. This effectively reduces the computational burden and enhances
the model’s computational efficiency.

The ParkingRank model [25] is an algorithm to quantitatively assess the service capability of
different parking lots. By integrating complex parking information such as the total number of parking
spaces in the parking lot, the degree of openness to the public, and the price of parking, it can help
drivers to understand the actual situation of the parking lot in a more comprehensive way, so that
they can make informed choices in the parking decision-making process. Specifically, the algorithm
primarily focuses on three aspects to describe the real-time service capacity of parking lots, as shown
in Equation 2:

¢ Parking lot service range: This aspect considers which types of vehicles are allowed to park in
the parking lot. For example, parking lots at shopping centers may be open to all vehicles, while
those in residential areas may only serve residents. Therefore, parking lots with a broader service
scope generally have stronger service capabilities.

¢ Total number of parking spaces: The more internal parking spaces a parking lot has, the stronger
its service capacity usually is.

e Price of parking: Higher parking prices may reduce the number of vehicles able to afford parking
fees. Thus, expensive prices may lower the service capacity of the parking lot.

(¥i/Iyl)

PR; = exp(s;) T/

2)
where PR; represents the service capacity of each parking lot; s; € [0, 1] denotes the service range,
which is used to measure the degree of openness of the parking lot, from the public parking lot (s; = 1)
to the private parking lot (s; = 0); y; and z; represent the total number of parking spaces and the price
of parking, respectively. ||y|| and ||z|| are the first-order paradigms for the y- and z-column vectors.

We believe that the process of quantifying the service capability of a parking lot is essentially
a process of extracting the redundant parts of the parking lot features x;, and the low-dimensional
evaluation results can be used as new abstract features to replace the original high-dimensional parking
data x;.

Moreover, while GAT typically utilize Multi-Layer Perceptrons (MLP) or cosine similarity to
ascertain the degree of association between nodes, such conventional methods may fall short in terms
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of interpretability, particularly when applied to entities like parking lots with distinct attributes. These
methods often fail to offer a clear insight into the dynamics of parking lot interactions. To mitigate
the black-box issue encountered by GATs in analyzing parking graphs, we integrate the parking
spatio-temporal transfer matrix [2] into the computation of attention coefficients within GATs. This
matrix meticulously accounts for the spatio-temporal evolution of parking lot features, encompassing
real-time occupancy rates, service capabilities, and spatial connections, thereby facilitating a dynamic
representation of parking cruising behavior. This nuanced incorporation allows for a richer, more
detailed understanding of parking dynamics, effectively translating the raw data into actionable
insights. The formulation of this transfer matrix Ay, is presented in Equation 3.

A — gi, wheni =j
"7 wij(1—q;)PR;, wheni#j '

where each element oc}f]f of Ays € RNXN represents the probability of a vehicle heading to another
parking lot j when it finds parking lot i is full. g; represents the real-time occupancy rate of parking lot
i, which also indicates the probability of a vehicle choosing to stay in parking lot i based on the parking
situation. w; ; is the reciprocal of the normalized distance A; ; between parking lot i and parking lot j.
PR; is the normalized service capacity of parking lot i.

Therefore, in this paper, the input to PRGAT consists of the original adjacency matrix A based on
Euclidean distance and the new parking data X'°V € RT*N*F ™ which is composed of the service
capacity PR;, the real-time occupancy rate ¢;, and latitude and longitude coordinates. The output is
the updated parking data X € RT*N*F*_ Here, FI°" represents the new feature dimensions after
quantification and extraction, while F* denotes the new feature dimensions relearned by PRGAT.

The algorithm initially applies a linear tr?nsformation to each parking lot node’s features x}°" (i)
X Fow

)

using a learnable weight matrix W € R to enhance the node’s expressive capability. Subse-
quently, it employs an attention mechanism 7 on the set of nodes to compute the attention coefficient
¢;,j between node i and node j. This procedure can be encapsulated by Formula 4, wherein the attention
mechanism might be a function that signifies the correlation between two objects, like cosine similarity
or a Multilayer Perceptron (MLP), and || represents the vector concatenation operation.

iy =T W™ (i) [Wxi™ (), @

To capture local topological information and enhance computational efficiency, a masking mecha-
nism and normalization operation have been introduced. The attention coefficients e; ; are confined
within the first-order neighborhood of the nodes, enabling each node to concentrate solely on its
directly connected neighboring nodes and disregard the other nodes in the graph, ultimately yielding
the attention matrix Aaun € RV*N. See Formula 5 for details, where LeakyReLU represents the
activation function.

atn _ P (LeakyReLU/(e;;))
" Lken; exp(LeakyReLU(eix))’

Aattn (i/j) = (5)

Moreover, the masking mechanism ingeniously reflects the factors influencing the parking
decision-making process. Drivers, when choosing a parking lot, tend to compare a specific park-
ing lot with its adjacent ones, rather than conducting pairwise comparisons among all parking lots.
Such a masking mechanism not only enhances the model’s sensitivity to local associations but also
aligns more closely with the behavioral patterns in the actual parking decision-making process.

We input both the parking spatio-temporal transfer matrix A ¢ and the aforementioned attention
matrix Aatn into the softmax activation function simultaneously to derive the ParkingRank attention
matrix Acompined € RN*V, as indicated in Equation 6.

.. bined trf tt
Acombined (lr]) = alq;)m e = softmax (“i,rj + “?,jn )’ (6)
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This ParkingRank attention matrix not only reflects the dynamic characteristics of the parking
graph, capturing the flow trajectories and behavioral patterns of vehicles in urban parking scenarios,
but also overcomes the shortcomings of insufficient interpretability of the parking lot relevance matrix
computed by traditional graph attention methods.

After obtaining the normalized ParkingRank attention coefficients ac‘]’mbmed GAT conducts a
weighted aggregation of the features of each node i with its neighbors Nj, thereby producing the final
output for each node. This procedure is depicted in Formula 7, where o denotes the sigmoid activation
function.

x;e(i) _ (7( Z D(Ig,(]?mbined Wx%ow (])> , (7)
JEN;

The PRGAT we designed is fundamentally a pre-trained model, its primary purpose being to
serve as a front-end graph construction module within the overall framework for urban parking
prediction. Its loss function is described in Formula 8, and the pseudocode for the graph is provided in
Algorithm 1.

1
LGAT (Xlow , xre ) _ f HXIOW - _ xre ( )
i=t—T+1

2
, 8)

Algorithm 1 ParkingRank Graph Attention (PRGAT)

Input: A € RNXN X ¢ RTXNxF
OUtPut Acomb ned € RNXN X e RT*NxFre

1: W<« MLP(X, F/

2. a + Correlation(2 x F, F')

3: Aatn < Zeros(N, N)

4: Ay < Zeros(N, N)

5: fori <— 1to N do

6 PR e ParkingServiceCapacity (X(i))

7 X! OW ) < ParkingReconstruction(PR;, X(7))

: for

g: ?ngz <0— 1to N do

10:  g; < ParkingOccupancyRate( X!V (i))
11: forj(—ltoNdo

12: sij < Normalized(A(i, j))

13: ot ¢ s % (1—q;) * PR

14: e; ﬁ — Concat(WXlOW(') WXoW ()
15: LU« LeakyReLU(a” x¢; ;)

16: Masked < MaskedFill(aR¢LU, A(i, )
17: Za ]m < Normalized (« N][as ed)

18: Acombined (i, ) < softmax(ag} atn 4 uctrf )
19:  end for
20: end for

N
—_

;X' U'(AcomblnedWX OW)
: return A ombined, X

N
N

3.3. Parking Graph Coarsening

Define the coarsened parking graph G, = (V,, E., Ac) is the result of coarsening the original
adjacency matrix A, which is a smaller weighted graph. V. denotes a set of disjoint hypernodes, which
covers all nodes in the original graph V, where each hypernode is formed by the aggregation of some of
the nodes in the original graph, i.e., vf = {v1,v2,...,0n} € RN. A, € RNexNe ig the adjacency matrix
of the coarsened graph, N. = |V¢|.
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This document employs the SGC algorithm[22], which utilizes spectral distance (SD) to demon-
strate that the coarsened network retains spatial features similar to those of the original network. This
concept is illustrated in the equation below:

N
SD(G,Ge) = [[A = Aclly = LA = Ac(D)], )
i=1

where the vectors A and A, represent the eigenvalues of the Laplacian matrices of the original
graph G and the coarsened graph G, respectively. The spectral distance SD(G, G.) is considered
sufficiently small if it is less than J (where ¢ is a very small number). Only when this condition is met
do the eigenvalues and eigenvectors of the two graphs exhibit similarity in the spectral domain. The
calculated spectral distance can then substantiate that the coarsened graph significantly preserves the
attributes of the original graph during the coarsening process. Thus, it can be inferred that the spatial
structure of the coarsened network remains similar to that of the original network. The key steps of
the SGC algorithm are introduced below.

The algorithm initiates by inputting the ParkingRank attention matrix Acompined and the coarsen-
ing ration = % It computes the Laplacian matrix £ and, through matrix decomposition, obtains the
first N; and the last N — N; 4 1 Laplacian eigenvalues A and Laplacian eigenvectors u, for capturing
both the local and global information of the parking graph. This procedure is illustrated in Formulas
10 and 11, wherein L signifies the normalized Laplacian matrix, with Iy and D being the identity
matrix and the degree matrix, respectively.

L=1Iny—D2Ambinea D73, (10)
Lu = ADu, (11)

Then, the algorithm starts to iterate different eigenvalues intervals, performs parking clustering on
the internal eigenvectors u respectively, divides the parking lots with similar features into a parking
hypernode, and generates a preliminary coarsened graph G, based on the clustering results, the
clustering principle is shown in Equation 12.

. Lily j=1 Uitk
de(i,j) = J ,
VI w2 ()

The Laplacian eigenvectors u computed from the ParkingRank attention matrix A.qypineqs has

(12)

rich parking graph topology information as well as parking lot node feature information, which can
provide more accurate and intuitive parking lot node characterization for the coarsening process.

The process continuously calculates the distance SD between the Laplacian eigenvectors of the
coarsened graph G, and those of the original graph, opting for the coarsening outcome with the
minimum error. Finally, the coarsened graph G. = (V,, E., A;) along with the corresponding index
matrix index are returned. This procedure is depicted in Formula 13, with the coarsening specifics
provided in Algorithm 2.

SD(Acombined ’ AC) = ”dcombined (1) - dC(Z) ||1' (13)
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Algorithm 2 Parking graph Coarsening

Input: Acombined, € RNXN
Output: A, € RN*Ne index + []
1: N + CoarsenedNodesNum(n N)
2. £ + NormalizedLaplacian(A ombl ed)
3: A, u < EigenValueAndVector(L
4 fori « 1to N do
5

for j <— 1 to Neighbor(i) do

AS™,index « ParkingSubZoneClustering(u;, i)

end for
end for
fori < 1to N do

10: forj<« 1to N do

11: A¢ + argmin SD(Acombined (i, ]), Ac(i, ]))
12:  end for

13: end for

14: return A., index

O 2 N

3.4. Prediction Framework Based on Coarsened Parking Graphs

Since the coarsening process of the parking graph described above does not downscale the
parking lot node features, the feature data corresponding to the parking hypernodes Xcombined ¢

RT*N*F* ramains a splicing operation between the merged parking lot data, which is formalized as
follows:
xgombmed Z xlow H xlow ( ]), (14)
S

If it is simply used as the feature input for the parking prediction models, it will not significantly
improve the overall framework training efficiency, and even lose the intrinsic connection between the
nodes. In this regard, we consider adopting the symmetric TCN-AE, which is because:

e TCN is able to mine the intrinsic laws behind the parking time-series data itself [44], such as the
tidal characteristics, which helps in the compression and reconstruction of the parking data.

® The encoder is able to embed the high-dimensional sparse parking data into the low-dimensional
dense tensor form, which reduces the computational overhead of the training model.

® The decoder is able to achieve an approximate lossless reduction and can reconstruct the spatial
structure of the original parking graph.

To maintain the consistency of the prediction results between the coarsened and the original
parking graphs, we train a set of symmetric TCN-based AEs for each parking hypernode, utilizing the
index matrix generated by the graph coarsening module. TCNs typically consist of multiple layers of
dilated causal convolution, with each layer performing one-dimensional convolution. Moreover, to
enhance the network’s expressive capacity, residual connections are often added following multiple
convolutional layers, organizing these layers into several residual blocks. Each residual block primarily
includes two dilated causal convolution layers, interspersed with normalization, activation, and
dropout operations, before the output is added to the input of the next residual block. This design not
only optimizes the flow of information but also enhances the model’s ability to capture features of
parking data effectively.

The procedure is detailed as follows: As depicted in Figure 2, firstly, the parking data X% ¢
RT>XNxFY undergoes encoding with the residual blocks within the encoder[44], as indicated in
Formula 15. Owing to the reduction in the number of features as the quantity of residual blocks
increases, it allows the feature data X, € RT*NexF o corresponding to the coarsened graph to be
represented within a low-dimensional feature space.
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Figure 2. The structure of Urban Parking Prediction Framework.
1 3 I
Xe(i) = (X% % £) () = ¥ f() X" (i = j), (15)
=0
where Z ! £(j) denotes the filter f of length k and * denotes the convolution operation. This formula

ensures that only information prior to the current time step is considered and future information is not
computed.


https://doi.org/10.20944/preprints202409.0464.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 5 September 2024 d0i:10.20944/preprints202409.0464.v1

12 of 25

Next, we input the adjacency matrix A; of coarsened graph and feature matrix X, into a spatio-
temporal graph convolutional model. This paper takes T-GCN[33] as an example, which captures the
spatio-temporal dependencies of the parking coarsened graph through 2 layers of GCN and 1 layer
of GRU, finally obtaining the coarsened graph’s predicted results Y, € RT*NexF o through a linear
transformation, as seen in Formulas 16, 17, 18, 19, and 20, where W and b represent the weights and
biases of T-GCN, respectively, and uy, r¢, c;, h; denote the reset gate, update gate, candidate hidden
state, and current hidden state at time ¢, respectively. gc(-) denotes the graph convolution operation,
and tanh is the activation function.

ur = o (Wy - [gc(Xe, Ac), hi—1] + bu), (16)

re = o(W; - [ge(Xe, Ac), hi—1] + by), (17)

¢ = tanh(W, - [ge(Xe, Ac), (1, he—1)] + be), (18)
he =upshi_q 4+ (1 —up) *cy, (19)

Y, = softmax (W, - h; +by), (20)

Due to the fact that the dimensions of the coarsened graph’s predicted results Y. do not align
with the size of the original parking graph, these results are not inherently interpretable. To address
this, decoding is necessary. Based on the prediction length, we opt for a particular pre-trained decoder,
inputting the prediction of each hypernode to reconstruct the original parking graph’s prediction
results ¥ € RT¥NxF™, thereby fulfilling the prediction task for the entire urban parking graph. The
decoding procedure is depicted in Formula 21. f~! denotes the filters within the decoder, distinct from
the encoding phase, as the feature count in the decoder’s residual blocks grows with the increase in
residual blocks, aiming to reconstruct parking data within a high-dimensional feature space.

T-1k-1
V(i) = (Yes f) () = X L £ OYe), @)
s=0 i=0
The loss functions for the pre-trained TCN-AE and the parking prediction model utilize Mean
Squared Error (MSE) and Huber Loss, respectively, as detailed in Formulas 22 and 23. In this context,
X € RTXNxF represents the outcome post-reconstruction by the autoencoder, Y signifies the real
observed data, and 6 represents the threshold parameter that controls MSE.

2

! , 22)

t
Lag (X1°W,X) -— ) HXIOW (i) — R(i)
T i=t—T'+1

1 )2 Y
n s(Y=Y)2lYy—-Y|<#0 2
. Y Y 2( ~ 4
Lpredlct( Y) = { 0|y — Y| — %62, otherwise *)

4. Experiments

4.1. Experiment Setup

This paper selected 9000 parking lots within five districts including Bao’an and Luohu in Shenzhen
as research subjects. The parking data recorded for six months starting from June 1, 2016, was
sampled at 15-minute intervals. These datasets encompassed key information such as the geographic
coordinates, open status, pricing details, and real-time occupancy of each parking lot. To ensure
data quality, we conducted deduplication and visualization-based outlier detection operations on the
raw parking data. Additionally, to maintain consistency in data processing, all datasets underwent
normalization before analysis. Finally, we partitioned the dataset chronologically into training set
(70%), validation set (20%), and test set (10%) to ensure the validity and reliability of the experiments.
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Specifically, the distribution of parking lots in Bao’an District was visually presented through Figure 3,
and specific details of the parking lot data are referred to in Table 1.

Figure 3. Distribution map of parking lots in Bao’an District.
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Table 1. Description of Shenzhen Parking Lot Dataset

District #Nodes Start Time Granularity —Time Steps

Bao’an 1660 2016/6/1 15min 17,280
Luohu 1730 2016/6/1  15min 17,280
Futian 1806 2016/6/1  15min 17,280
Longgang 1473 2016/6/1  15min 17,280
Longhua 2531 2016/6/1 15min 17,280

To evaluate the performance of our method, we selected several commonly used evaluation
metrics in regression tasks: MAE , RMSE, and MAPE. The expressions for these metrics are as follows:

S Ll
MAE = — vt — 9t
IN t=1i=1
1 T N )
RMSE = | === ) ) (v; — 9)? (24)
t=1i=1
100% & | vi — i
MAPE = Yy
IN S5 w

where 7 and y! respectively represent the predicted result and the ground truth for the i-th parking lot
at time ¢. T denotes the length of the time sample, and N is the total number of parking lot nodes.

In the experimental parameter design, we use data from the past 12 time steps to predict data
for the next 1, 2, and 4 steps, which corresponds to using the past 3 hours of parking traffic to predict
the parking traffic for the next 15 minutes, 30 minutes, and 60 minutes, respectively. Additionally, to
evaluate the predictive performance, we selected three widely used baseline models in the parking pre-
diction field for comparison. Additionally, to explore the effectiveness of graph coarsening techniques,
we also employed the recently popular graph sparsification methods as a benchmark:

e T-GCNI33]: A classical model for traffic prediction that combines Graph Convolutional Networks
(GCNs) and Gated Recurrent Units (GRU) to establish spatio-temporal correlations among traffic
data.

¢ STGCNJ[46]: Utilizes multiple ST-Conv blocks to model multi-scale traffic graphs, proven to
effectively capture comprehensive spatio-temporal correlations.

e STSGCNIJ47]: By stacking multiple STSGCL blocks for synchronous spatio-temporal modeling, it
can effectively capture complex local spatio-temporal traffic correlations.

¢ SparRL[37]: A universal and effective graph sparsification framework implemented through
deep reinforcement learning, capable of flexibly adapting to various sparsification objectives.

For the training of various models, we utilized V100 graphics cards and implemented early
stopping and dynamic learning rate adjustment mechanisms to optimize the training process. To
ensure completeness and transparency of information, we have listed the configuration details of the
models along with all training-related hyperparameters in Table 2.
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Table 2. Description of Model Configurations and Training Parameters

Method Configuration Batch Size Learning Rate Optimizer Loss Function Weight Decay Patience (/Epoch)

PRGAT Number of Atgtentlon Heads Feature Dlmelr;;or\ per Head o4 led Adam MSE lod 100
sac Threshhold A
le-8
SparRL Maximum number of ne;ihbors to pay attention to o4 led Adam Huber Loss led 500
TGCN GRU Hlii)en Units 64 le-5 Adam Huber Loss le-4 200
STGCN Graph Convol\::on Dimension Temporal Convoﬁl:hon Dimension 64 165 Adam Huber Loss lod 200
STSGCN GCNs pe; Module Spatio-temporal GC4Ns Layers(STSGCL) 64 1e5 Adam Huber Loss led 200
TCN-AE TCN Dilation Rates Filter Count and Kernel Size 64 o4 Adam MSE led 100
(1,2,4,8,16) 20

4.2. Modeling Real Scenes

To demonstrate the graph construction process of the PRGAT method, we conducted an experi-
ment using real parking lot data from Bao’an District in Shenzhen. In Bao’an District, the number of
parking lots exceeds 1,000, leading to the number of reachable edges between parking lots reaching the
order of millions. Therefore, to simplify the analysis while ensuring the practicality of the results, we
selected a more central CBD area within the district as the study area, which contains over 600 parking
lots. Additionally, we set a spatial distance threshold of 500 meters; distances between any parking
lots exceeding this threshold were considered unreachable to align with real parking scenarios.

Shown in Figure 4 is a visualization of the parking graph constructed using the PRGAT model for
the Baoan core area around evening during the week, where the different sizes of circles represent the
service capacity of the parking lots, with larger circles implying stronger service capacity and more
popularity among drivers. Unlike the traditional spatial adjacency matrix, the dynamic adjacency
matrix generated by PRGAT can intuitively reflect the real-time importance of each parking lot, which
helps the downstream prediction model to accurately determine the key parking lots in each time
period, thus effectively identifying the places with strong or weak parking demand. Meanwhile, the
graph composed of these parking lots with strong service capacity essentially depicts the parking
backbone network of the city in different time periods, and this dynamic parking backbone network
reflects the core areas and hotspots of the city’s parking demand, which provides an important
perspective for understanding the city’s parking behavior pattern.
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@ Office Complex
O Shopping Center
@ Residential Compound

Figure 4. The parking graph of the core area of Bao’an, encompassing over 600 parking facilities.

Figure 5 depicts the distribution of parking lots in the core area of Bao’an under different coarsen-
ing ratio (coarsened vertices/original graph vertices). By adjusting the coarsening ratio, we can clearly
see significant changes in the structure and density of the parking graph: parking lots with stronger
service capacities gradually absorb those with weaker capacities, thus forming larger parking hypern-
odes with enhanced comprehensive service capabilities. As the ratio of coarsening is progressively
reduced, the backbone of the urban parking graph also becomes clearer. However, this coarsening
process also poses certain challenges: a simplified parking graph means the loss of some important
parking information, which could affect the downstream model’s ability to capture details, especially
in areas highly sensitive to parking demand or where demand changes rapidly.
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Figure 5. Distribution of parking lots in the core area of Bao’an under different coarsening granularities:
(a) Coarsening ratio = 0.9 (b) Coarsening ratio = 0.7 (c) Coarsening ratio = 0.4 (d) Coarsening ratio = 0.1.

4.3. Selection of Coarsening Ratio

Considering the dual role of the coarsening ratio in the speed of model convergence and model
prediction accuracy, we set up control experiments with coarsening ratio of 0.2, 0.3, 0.4, 0.5, 0.6, 0.7,
0.8, 0.9, and without coarsening (coarsening ratio of 1), to study the impact of different coarsening
ratio on the prediction of parking occupation rate during the evening rush hour. The prediction results
are shown in the Figure 8, where dashed and solid lines respectively represent the impact of different
coarsening ratio on model prediction accuracy and convergence speed.

As seen in Figure 6, as the coarsening ratio decreases from 1 to 0.6, the error growth rate of the
model predictions remains relatively stable. This indicates that within this range of coarsening ratio,
the model primarily loses redundant and secondary parking information, the absence of which has
limited impact on overall prediction accuracy. However, as the coarsening ratio is further reduced, the
prediction error of the models rapidly increases, particularly when the coarsening ratio is adjusted to
0.2, introducing calculation errors of 77.2%, 64.2%, and 61.8%, respectively. This suggests that crucial
parking information (such as the highly volatile characteristics of parking lots) has been stripped away
in the coarsening process.
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Figure 6. Impact of Different Coarsening Ratio on Prediction Performance.

It’s noteworthy that the curve of model training duration presents a different trend. With the
reduction of the coarsening ratio, the initial training time decreases rapidly, showing that coarsening
can significantly reduce the computational burden of the model. However, after reaching a coarsening
ratio of 0.6, the trend of reduction in training duration becomes more gradual, indicating that further
coarsening does not significantly enhance efficiency. Specifically, in the coarsened graph, nodes of
parking lots with significantly different characteristics may be merged, leading to a loss of crucial
detail information that was originally observable. Consequently, the model’s ability to distinguish
these differences is impaired, thereby affecting its predictive and generalization capabilities.

The two sets of experiments indicate that the ideal coarsening ratio should be within the range
of 0.5 to 0.6. Coarsening within this interval manages to strike a balance between simplifying model
complexity and retaining key feature information, which is particularly crucial when dealing with
large-scale urban parking graphs, as these often contain a vast number of parking lot nodes and edges.
Moreover, this phenomenon mirrors the real-world situation where approximately 50%-60% of parking
lots make the primary contribution to urban parking demand. These parking lots are typically the
ones with the highest usage frequency, optimal locations, and best service capabilities. However, it
should be noted that the coarsening rate range we provide is merely idealized. The specific choice of
coarsening rate must be dynamically adjusted based on the structure of the urban parking network
and characteristics of parking data (such as parking frequency, peak periods) using adaptive deep
learning models.

4.4. Quantitative Results

To explore the predictive performance of the urban parking prediction framework we proposed,
we conducted predictions on the future 15 minutes, 30 minutes, and 60 minutes parking occupancy
rates of various parking lots in Bao’an District during weekday evening rush hours using three baseline
models, with the coarsening ratio set to 0.6. The corresponding prediction results are presented in
Table 3.
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Table 3. Comparison of Predicted Parking Lot Occupancy Rates in Bao’an District for the Next Hour

MAE RMSE MAPE(%
Method Tomin _ 30min _ 60min _ 15min _ 30min _ 60min _ 15min _ 30min ) min_ CPoch
Default+ TGCN 7933 87224 113431 112128 123413 15108/ 1382 1623 2059 834
GAT+TGCN 77224 83431 102926 10.0689 11.4238 123675 1274 1441 19.82 839
PRGAT+TGCN 42631 4719 58398 74103 87885 107526 9.89 1038  13.09 844
Default+Coarsening+TGCN+AE 80153 89607 11.8285 114731 13455 160598 1431 1725 2077 655
Default+Sparsification+TGCN-+AE 99726 111673 13.6201 13.4071 14757 18.6382 1422 1754 2296 827
PRGAT+Sparsification+ TGCN+TCN-AE  7.851  9.0267 115006 124467 12.6782 15483 1336 1528 1864 846
PRGAT+Coarsening+TGCN+TCN-AE 46552 5209  7.3209 7.8395 94337 109448 10.24 10.53 1349 558
Default+STGCN 1728 55534 9598 107798 117946 149729 1068 1647 1912 673
GAT+STGCN 37947 43721 76845  7.44 109601 124731 942 142 1693 645
PRGAT+STGCN 2159 27601 4328  4.893 64853 104475 7.63 1065 1174 639
Default+Coarsening+STGCN+AE 54295 7.6965 102398 114307 129623 16.0431 1174 17.83 2001 568
Default+Sparsification+STGCN+AE 65246 7.9378  11.0445 12.6193 147207 17.8087 1347 1855 2079 651
PRGAT+Sparsification+STGCN+TCN-AE 50214 65779 9538  10.6814 125204 157111 1143 1484 1717 662
PRGAT+Coarsening+STGCN+TCN-AE 21977 33915 53604 49548 7.8741 109849 8.65 116 1231 476
Default+STSGCN 65194 65358 95476 10.8984 144152 171354 12.19 1437 1633 788
GAT+STSGCN 56569 61912 81355 9.8521 13534 167885 1071 1175 1249 752
PRGAT+STSGCN 41645 46743 76569 71038 94388 11.8712 7.85 822 889 769
Default+Coarsening+STSGCN+AE 73511 7.8178  11.0491 114534 14.6645 185779 1267 1503 1682 661
Default+Sparsification+STSGCN+AE 81708 10319 124703 133065 152423 191752 1411 1733 198 776

PRGAT+Sparsification+STSGCN+TCN-AE ~ 6.6163  7.656 9.7815 11.8712 139123 18.7807 12.82 13.94 17.25 740
PRGAT+Coarsening+STSGCN+TCN-AE 4.6079 4.9813 8.093 7.9218 10.0797 12.9521 8.72 9.31 10.09 556

Our experimental results demonstrate that, whether for short-term or long-term predictions,
models using PRGAT as a pre-construction unit for graphs almost always outperform traditional
parking prediction methods across all metrics. Specifically, taking TGCN as an example, compared
to the default adjacency matrix, the ParkingRank attention matrix created by PRGAT achieves an
average reduction of about 46.8% in MAE. Furthermore, compared to the traditional GAT mechanism,
it also reduces RMSE by about 20.5%. This significant improvement in performance is attributed to
the comprehensive considerations PRGAT takes in constructing dynamic parking graphs. Unlike
traditional methods that focus solely on the spatial relationships between parking lots or on a single
feature like available parking spaces, PRGAT also incorporates other critical information including
real-time service capabilities such as the available capacity, level of accessibility, and cost of parking
lots. This approach results in a graph that is not just a simple representation of spatial proximity but a
richer, more accurate depiction of actual parking behavior patterns, greatly enhancing the model’s
understanding and predictive ability in complex parking scenarios.

In terms of enhancing model training efficiency, compared to baseline methods, our framework
achieves an average improvement of approximately 30.5%, further confirming the efficiency of our
framework in handling complex parking prediction tasks. Furthermore, in the choice of graph
dimensionality reduction techniques, graph coarsening outperforms graph sparsification in reducing
model training duration. Graph sparsification primarily reduces the scale of the graph by decreasing
the number of edges, but since the dimensionality of node features remains unchanged, its impact on
training efficiency is not significant. Additionally, the loss of crucial connectivity information between
parking lots can severely affect the predictive accuracy of downstream models. In contrast, graph
coarsening, by merging nodes, not only reduces the scale of the parking network but also simplifies
the model’s computational complexity while preserving key structural information, thereby aiding in
maintaining the accuracy of the model’s predictions.

Notably, we optimized the AE by incorporating TCN to improve the processing of parking time
series data, achieving near-lossless compression and restoration of large-scale parking data. Compared
to previous work [48], this approach effectively keeps the MAPE within 12.6%, further increasing the
accuracy of predictions.

It is important to recognize that although the application of coarsening techniques can improve
model training efficiency, it inevitably introduces some level of error. Hence, our aim is to maximize
training efficiency while striving to preserve prediction accuracy as much as possible. As the graph
scale expands, our framework not only demonstrates a distinct advantage in prediction accuracy
but also reveals increasingly significant differences in efficiency. This is especially evident when
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handling large-scale, dynamically changing complex urban parking graphs, showcasing the exceptional
performance and practical value of our framework.

4.5. Scalability Results

To verify whether our proposed framework can adapt to parking graphs of different scales, we
simulate the expansion of the parking graph scale by gradually increasing the number of parking lots.
In the experiments, the coarsening ratio is set to 0.6, with the prediction of parking occupancy rates
for the next 15 minutes during the evening rush hour as the evaluation task. This approach allows us
to observe changes in the model’s prediction accuracy and convergence speed on parking graphs of
various sizes. Synthesizing Figure 7a,b, it can be observed that when the scale of the parking graph is
small, our framework shows relatively conservative improvements in terms of accuracy and efficiency,
with an average accuracy improvement of about 11.1% and a training efficiency improvement of about
23.7%. Importantly, as the scale of the graph expands, the performance advantages of our prediction
framework become particularly pronounced. Unlike the baseline models, which exhibit a higher error
growth rate and exponential increase in iteration costs, our framework demonstrates a stable growth
trend, significantly surpassing traditional methods in terms of error control and training efficiency.

—8— TGCN —#— PRGAT+Coarsening+STGCN+TCN-AE
—®— PRGAT+Sparsification+TGCN+TCN-AE STSGCN
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Figure 7. Comparison of Prediction Performance for Future 15-Minute Parking Lot Occupancy Rates
Across Parking Graphs of Various Scales (a) MAPE (b) Convergence Situation.

This performance advantage is mainly attributed to the efficient algorithms and model structures
adopted within our framework, such as the PRGAT and TCN-AE . The former effectively captures key
features of parking data, while the use of the latter significantly enhances the model’s capability to
extract and analyze parking lot features. This ensures that the prediction framework can retain critical
information from the original parking graph to a great extent, even after coarsening processing. In
contrast, traditional parking prediction techniques, even when combined with graph sparsification,
still face issues with suboptimal prediction performance and training speeds. This is due to graph
sparsification often losing significant parking detail information as the network scale increases, severely
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impacting predictive performance. Additionally, since this technique does not involve dimension
reduction of node features, the growth in training efficiency is similar to baseline models that do not
employ any graph dimension reduction techniques.

In addressing the challenges of large-scale urban parking prediction, our framework optimizes
data flow and information processing, effectively managing complex and voluminous parking data.
This not only ensures high accuracy in model predictions but also significantly reduces training times,
thereby meeting the needs for timeliness and accuracy. Such capabilities enable our framework to
quickly and accurately respond to dynamic changes in urban parking, providing real-time predictive
results.

4.6. Ablation Results

To further validate the rationality of each component within the framework, we conducted an
ablation study based on the task of predicting the occupancy rate of parking lots in the Bao’an District
for the next 15 minutes during the evening rush hour. The ablation experiments were divided into two
parts, separately assessing the impact of PRGAT and TCN-AE on three sets of baseline models, with
the coarsening ratio set to 0.6 in the experiments.

Figure 8(a) shows the experimental results of parking predictions using various types of adjacency
matrices. Clearly, among all baseline methods, the ParkingRank attention matrix constructed by
PRGAT exhibits the best performance, achieving an average reduction in relative error of about 38.3%.
PRGAT, by integrating the attention coefficient matrix with the parking spatio-temporal transition
matrix, delves deep into the feature and spatial dependencies between parking lots, effectively restoring
real parking demand scenarios. In contrast, traditional static adjacency matrices, built solely on spatial
location information, overlook the intrinsic characteristics of parking lots and their interactions with
the surrounding environment. Often, they fail to fully capture the complex interactions and dynamic
changes between parking lots, limiting the authenticity and dynamism of the scenarios captured by
the model, and thus performing poorly in downstream prediction tasks. Moreover, compared to the
traditional GAT mechanism, another advantage of PRGAT is that it not only offers a more detailed
and dynamic method to represent parking graphs, but it also intuitively reflects which parking lots
have stronger comprehensive service capabilities at specific moments, thus becoming a key basis for
making parking decisions.

However, a limitation of the PRGAT is that it aggregates node feature information considering
only the 2nd-order neighborhood, neglecting the potential connections between distant nodes. This
may lead to inadequate capturing of the interactions between remote parking lots during holidays or
major events. Therefore, future research exploring and implementing graph convolutional networks
that include higher-order neighborhood information will be crucial. This will enable the model to
capture a broader range of node interactions, thereby enhancing the accuracy and practicality of the
predictions.

Figure 8(b) illustrates the effect of the AE on the prediction framework. From the figure, it can be
found that not adding the AE leads to an average decrease in prediction accuracy of about 30.1%. This
is because the coarsened parking graph changes its original spatial relationship, and simply splicing
a set of vertex features corresponding to each hypernode will lead to redundancy of hypernode
information and dimensionality inflation, thus limiting the model’s generalization ability. In addition,
the loss of the intrinsic connection between nodes will also lead to the model’s inability to fully exploit
the spatial dependency of the coarsened graph. On the contrary, the approach using autoencoder can
selectively extract and reconstruct the key features inside the hypernodes, thus effectively adapting
to the spatial changes inside the hypernodes. Meanwhile, we additionally introduce TCN in the
encoding-decoding process, which enhances the model’s ability to learn the laws behind the dynamic
changes of the parking lot view from the time-series data, and is more helpful for the compression and
reconstruction of the parking data, which achieves an average 20% accuracy improvement.


https://doi.org/10.20944/preprints202409.0464.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 5 September 2024 d0i:10.20944/preprints202409.0464.v1

22 of 25

I Default+Coarsening+TCN-AE I PRGAT+Coarsening
I GAT+Coarsening+TCN-AE B PRGAT+Coarsening+AE
71 PRGAT+Coarsening+TCN-AE 71 PRGAT+Coarsening+TCN-AE

14 1
144
124
124
101
10

MAPE(%)
©
MAPE(%)

TGCN STGCN STSGCN TGCN STGCN STSGCN
Baselines Baselines

() (®)

Figure 8. Ablation Study on Future 15-Minute Parking Prediction (a) Graph Construction (b) Autoen-
coder.

5. Conclusion

In this study, we propose an innovative large-scale urban parking prediction framework based
on real-time service capabilities. Specifically, we first introduce a GAT mechanism based on real-time
service capabilities, constructing a dynamic parking graph that reflects real-time parking behavior
preferences. This aids spatio-temporal GCNs models in more accurately capturing the interactions
and trends of change between parking lots. Subsequently, we designed a large-scale urban parking
prediction framework based on coarsening and TCN-AE, aimed at effectively reducing the training
time required for models to process complex parking data. Finally, we conducted experiments on
a real dataset from Shenzhen'’s parking lots to validate the performance of our proposed prediction
framework. The experimental results show that our framework significantly improves both accuracy
and efficiency compared to traditional parking prediction methods. Furthermore, as the graph scale
expands, our framework’s performance exhibits even more pronounced advantages, underscoring its
immense potential in addressing complex urban parking problems in practical applications.

While our research has achieved certain results, future work still needs to focus on improving
and further exploring the following issues:

* Selection of Coarsening Ratio: The coarsening dimension utilized in this study was determined
through experimentation with a grid search strategy, yielding a general range that may limit its
applicability to the specific dataset used and not be accurate enough for others. Therefore, in
our subsequent efforts, we aim to employ deep learning methods to automatically learn and
ascertain the optimal coarsening dimension.

¢ Integration of Multi-source Data: Given that parking demand is influenced by a wide array of
factors, including nearby traffic flow, weather conditions, and more, we intend to incorporate
multiple data sources for feature fusion in the future. This approach will enhance the model’s
comprehension of parking scenarios, providing a richer understanding of the complex dynamics
at play.

* Global Information Aggregation: The PRGAT algorithm proposed in this paper aggregates
node feature information considering only the 2nd-order neighborhood, thus overlooking the


https://doi.org/10.20944/preprints202409.0464.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 5 September 2024 d0i:10.20944/preprints202409.0464.v1

23 of 25

influence of distant global nodes. In our future research, we plan to incorporate higher-order
global information by employing concepts from fractal theory.
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