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Truck Parking Usage Prediction With Decomposed
Graph Neural Networks

Rei Tamaru , Yang Cheng , Steven T. Parker, Ernie Perry, Bin Ran , and Soyoung Ahn

Abstract— Truck parking on freight corridors faces the major
challenge of insufficient parking spaces. This is exacerbated by
the Hour-of-Service (HOS) regulations, which often result in
unauthorized parking practices, causing safety concerns. It has
been shown that providing accurate parking usage prediction can
be a cost-effective solution to reduce unsafe parking practices.
In light of this, existing studies have developed various methods to
predict the usage of a truck parking site and have demonstrated
satisfactory accuracy. However, these studies focused on a single
parking site, and few approaches have been proposed to predict
the usage of multiple truck parking sites considering spatio-
temporal dependencies, due to the lack of data. This paper
aims to fill this gap and presents the Regional Temporal Graph
Convolutional Network (RegT-GCN) to predict parking usage
across the entire state to provide more comprehensive truck
parking information. The framework leverages the topological
structures of truck parking site locations and historical parking
data to predict the occupancy rate considering spatio-temporal
dependencies across a state. To achieve this, we introduce a
Regional Decomposition approach, which effectively captures the
geographical characteristics of the truck parking locations and
their spatial correlations. Evaluation results demonstrate that the
proposed model outperforms other baseline models, showing the
effectiveness of our regional decomposition. The code is available
at https://github.com/raynbowy23/RegT-GCN.

Index Terms— Truck parking usage prediction, graph neural
network, graph decomposition.

I. INTRODUCTION

THE Federal Motor Carrier Safety Administration
(FMCSA) has implemented regulations to reduce

fatigue-related safety hazards for truck drivers by restricting
the consecutive and total daily driving hours permitted for
truck operators. Despite these efforts, truck drivers still spend
considerable time searching for safe parking locations beyond
their limited legal working hours [1]. This phenomenon high-
lights the persistent issue of inadequate truck parking facilities,
contributing to unauthorized parking behaviors and breaches
of parking regulations [2].

The literature identifies increasing truck drivers’ accessi-
bility to real-time parking usage information [3] and drivers’
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perceptual interpretations [4], [5] as major factors influenc-
ing such parking challenges. Along with the survey studies
in the region [6], members of the Mid-America Associa-
tion of State Transportation Officials (MAASTO) from eight
states, Indiana, Iowa, Kansas, Kentucky, Michigan, Minnesota,
Ohio, and Wisconsin, have collaborated to build a real-time
multistate Truck Parking Information Management System
(TPIMS) to provide more practical truck parking informa-
tion to truck drivers [7], [8]. TPIMS, fully operational since
January 4, 2019, provides real-time parking usage information
to truck drivers through dynamic message signs, smartphone
applications, traveler information websites (e.g. 511 traveler
information) and other forms.

In addition to real-time parking site availability information,
future usage prediction can better support truck drivers in
their decision-making process and route planning. Current
prediction models exhibit commendable accuracy in predicting
future usage for the subsequent hour [9], [10]. However, it is
crucial to recognize that the domain of interest encompasses
multiple truck parking sites situated along the highway cor-
ridor. Boris and Brewster [1] reported that the most critical
aspects of the target parking sites are the proximity to the
route/destination followed by the availability of amenities.
Therefore, the primary objective of our prediction model is to
capitalize on the wealth of data available from various truck
parking sites and leverage their topological structures.

To this end, we aim to develop a data-driven, predictive
model for future parking usage, grounded in spatio-temporal
dependencies of parking sites on highway corridors and
their historical usage patterns. In this research, we propose
a Regional Temporal Graph Convolutional Network (RegT-
GCN), comprising a Graph Convolutional Network (GCN)
with temporal capability and a novel decomposition mod-
ule, Regional Decomposition, to capture regional and spatial
relationships (Figure 1). In this study, a region is defined
as a state to incorporate their unique characteristics (e.g.,
state laws). The significant historical parking data allows the
model to capture temporal dependencies of multi-state-wide
truck parking usage to generate more accurate prediction
results. We conduct several experiments to evaluate the model
against various models and raised the importance of Regional
Decomposition technique for Graph Convolutional Networks.

Our contributions are summarized as follows.
• We propose a spatio-temporal model to predict the usage

of multiple truck parking sites.
• Our novel Regional Decomposition method leverages the

regional relationships to create subgraphs for each region
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Fig. 1. The overview of regional temporal graph neural network.

(i.e., state) and effectively captures the spatio-temporal
dependencies.

• We construct the comprehensive truck parking dataset,
which is aggregated across multi-states to train their
spatio-temporal dependencies and evaluate the prediction
accuracy of occupancy rates.

• We conduct extensive quantitative evaluations includ-
ing temporal predictions, spatial analysis, and sensitivity
analysis, which demonstrate that our RegT-GCN signifi-
cantly outperforms baseline models.

II. LITERATURE REVIEW

A. Spatio-Temporal Prediction in Transportation

Spatio-temporal dependencies in the transportation field are
notably effective for traffic flow prediction as they take advan-
tage of highway network topology. Those approaches adopted
graph convolutions [11], [12], [13], attention mechanism [14],
[15], and transformer [16]. Specifically, GCNs [17] are highly
effective in capturing spatial embeddings used with temporal
embedding modules [11], [13] while the attention mechanism
improves its performance in long-range temporal dependencies
working in conjunction with spatial embedding models [14],
[16]. Recent works such as STID [18] and STAEformer [19]
extended spatial-temporal dependencies with more sophisti-
cated embedding networks. All these methods, however, lack a
deep investigation of spatial embeddings that align with urban
and truck parking usage prediction.

B. Parking Usage Prediction

Parking prediction methods can be classified into two main
categories: urban and truck parking prediction. Urban parking
prediction typically offers a shorter horizon, ranging from 5 to
15 minutes, while truck parking prediction extends more than
an hour ahead [10]. Despite these differences in time frames,
both tasks share underlying concepts and are designed to
address a variety of parking scenarios. Models that oper-
ate parking prediction combine historical data and real-time
updates [20], [21]. This is extended in the pattern recognition
approach [9], [22]. Vital et al. [23] further enhanced prediction
accuracy by capturing spatio-temporal dependencies. Recent

studies [11], [24], [25] have adopted machine learning tech-
niques to integrate additional features, such as weather, daily
patterns, and parking location. Although feature embeddings
are effective for parking prediction [10], these studies limit the
prediction capability within a few sites.

C. Spatio-Temporal Representation in Parking Prediction

While most prior research on predicting truck parking
utilization focuses primarily on historical parking usage data
and static variables, it overlooked the inclusion of spa-
tial dependencies as the key determinants of truck driver’s
decision-making process [1]. This gap highlights the need
for integrating topological structures into predictive models
to account for spatial variations in influential factors.

This need for spatial integration aligns with the road
network’s inherent structure, which naturally functions as a
non-Euclidean graph [26]. Yang et al. [27] first leveraged GCN
on urban parking to extract the spatial dependencies of traffic
flow in large-scale networks and incorporated Recurrent Neu-
ral Networks (RNN) and Long Short Term Memory (LSTM) to
capture temporal dependencies with additional related features.
Zhang et al. [28] addressed the scarcity of real-time parking
availability information with a semi-supervised approach and
spatio-temporal dependencies among parking lots. Despite
their success in urban parking with spatio-temporal depen-
dencies, they have yet to conduct modeling and experiments
on truck parking usage prediction due to the lack of sufficient
data.

Therefore, our method benefits from the model with
spatio-temporal embeddings while adapting truck parking
unique features such as amenities, capacity limits [9], and
diurnal patterns [29]. In contrast to the introduction of the
spatio-temporal prediction model in an urban parking sce-
nario [30], we consider the unique regional dependencies to
capture a large truck parking network.

III. METHODOLOGICAL APPROACH

A. Problem Formulation

We describe the problem formulation for the task of predict-
ing future truck parking usage, as a novel model to represent
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spatio-temporal dependencies on the parking. Starting from
the general notation, a truck parking graph is denoted as
G = (V, E), where individual parking sites are represented
as nodes v ∈ V , and the connections between these sites are
represented as edges e ∈ E . Within this framework, we denote
node-embedding as η, representing each site’s characteristics
of features numerically.

Our primary challenge is to predict the occupancy rates
of truck parking sites in the next T future time intervals.
To predict accurate future occupancy rates o at the site i ,
we incorporate information from the K preceding consecutive
time intervals. This approach enables us to capture temporal
patterns in the use of truck parking.

Our prediction task is formulated by the equation:

ηit−K , . . . , ηit → η̂it+1 , . . . , η̂it+T (1)

In this equation, the left-hand side represents the historical
node embeddings for a specific parking site up to time t . These
embeddings encode the site’s historical characteristics. Our
model then processes this information to generate predictions
for the occupancy rates in the subsequent time intervals, shown
on the right-hand side. These predicted embeddings represent
future occupancy rates.

Then, we generalize the prediction target across all parking
sites within our dataset, solving the prediction task:

[Vt−K , . . . ,Vt ; E;G] → [V̂t+1, . . . , V̂t+T ] (2)

In order to capture the spatio-temporal dependencies, this
research first engages in understanding regional relationships
across truck parking sites. Based on our preliminary analy-
sis [31] and insights from previous studies on the efficacy
of edge reduction techniques [32], [33], we assume that the
regional relationship within the truck parking network can be
leveraged to reduce graph complexity. We hypothesize that
a regionally decomposed graph structure, as opposed to one
connected graph, offers advantages in terms of both predictive
performance and computational efficiency.

In this paper, we define small partitions in the truck park-
ing sites as an independent region and explore the spatial
dependencies among truck parking sites. Site-specific parking
behavior deliberates region selection to be grounded in prac-
ticality and the unique characteristics exhibited by states [34].
For example, freight plans vary by state, so they recommend
different values and strategies for developing, funding, and
maintaining shared facilities. It is also beneficial to consider
the state as a region from a data aggregation perspective.
Hence, our regional selection prioritizes interpretability and
practical outcomes.

Formally, we define regional graphs as subgraphs of truck
parking graphs, denoted as M = (V ′, E ′) segmented according
to regional areas, where M ̸= G,M ⊆ G. Each regional graph
Mr
⊆ M consists of a subset of vertices and edges Mr

=

{(Vr , Er )|∀r ∈ region}. The adjacency matrix of the overall
graph G is represented as A ∈ RN×N and can be defined as
follows, where the vertices of G are labeled v1, . . . , vn and
the entries are binary (0, 1).

ei j = vi v j ∈ E ⇐⇒ Ai j = 1 (3)

Similarly, the adjacency matrix of the regional subgraph
Mr
⊆M denoted as Ar

⊆ A, is selectively defined for each
state in MAASTO as follows.

er
i j = vr

i vr
j ∈ E

r
⇐⇒ Ar

i j = 1 (4)

This segregation of the graph into regional subgraphs
reduces the complexity of the network according to the degrees
of the nodes, denoted as d i

r for site i :

dr
i =

∑
j∈Vr

Ar
i j ⊆

∑
j∈V

Ai j (5)

Therefore, our framework incorporates the invention of
graph decomposition strategies with the construction of sub-
graphs by deliberately selecting nodes from regional sets
within states in the MAASTO. Our prediction task is now
defined as follows.

[Vt−K , . . . ,Vt ; E;G] = σ

r⋃
[Vr

t−K+1, . . . ,V
r
t ; Er
;Mr
]

→

r⋃
[V̂r

t+1, . . . , V̂
r
t+T ] (6)

where σ represents a non-linear activation function such as
ReLU and tanh.

B. Regional Temporal Graph Convolutional Network

In this paper, we built the graph-based spatio-temporal
model, which incorporates the geographical characteristics in
nodes integrating spatial and temporal aspects with regional
graph input. Our model comprises two main components: a
GCN, inspired by the Attention Temporal Graph Convolutional
Network (A3TGCN) [35], as a spatial module and a recurrent
unit as a temporal module. A structual GCN handles the node
embeddings of the truck parking location graph, and a spatial
GCN compresses the spatial dependencies between sites taken
the distances between each pair of truck parking sites. Given
the sequence of input timestamps t ∈ {1, 2, . . . , K }, the
temporal model predicts site occupancy rates up to T future
time steps.

For each time step t , in the node embedding at a graph
level, we denote Â as the adjacency matrix with self-loop,
where Â = A+I with I being the identity matrix. Additionally,
D̂ represents a diagonal degree matrix, its elements are defined
as D̂i i =

∑
j Âi j and the weight matrix is denoted as W.

It demands Ht+1 of the hidden vectors. Following the equation
proposed by Kipf and Welling [17], this progression can be
expressed as:

Ht+1 = σ(D̂−
1
2 ÂD̂−

1
2 Ht Wt ) (7)

To leverage the potential benefits of regional relationships,
we introduce the Regional Decomposition technique. This
involves the creation of subgraphs M while decomposing
the original graph of the truck parking site locations G.
During each training step, the Regional Decomposition process
distributes each node attribute η by regional relationships. This
process leads to deriving independent vectors {m1, . . . , mN } ∈

RN×E with the number of features E and the total number of
truck parking site N .
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Algorithm 1 Algorithm Overview of Whole Procedure
Require: G = (V, E), T ≥ 0, K ≥ 0

for t = 1 to T do
Gt = (Vt , Et );
for k = 1 to K do

Ht−k ← Structural GCN(Gt−k)

Mt−k ← Regional Decomposition(Gt−k)

for r in states in MAASTO do
mr

t−k ← Spatial GCN(Mr
t−k)

end for
γt−k ←

⊕
r mr

t−k
end for
Ht+1 ←

∑K
k=1 αt Temporal(Ht−k, γt−k)

Vt+1 ← Decode(Ht+1)

end for

The input graphs are sequentially aligned at every
10-minute interval and passed to spatial modules to extract the
node features. Each feature represents structural information
from the regional graph and information from the nodes
based on features within the regional context. Our whole
algorithm is shown in Algorithm 1. Each GCN is applied to the
regional graphs to extract spatial features as hidden vectors m.
Subsequently, these vectors are concatenated, and the linear
layer computes the hidden vector γ , which can be used in the
temporal layers. These operations are performed iteratively for
each time step.

Within the spatial module, two distinct categories of spatial
models can be identified: the structural model and the model
for node embeddings. The structural model serves as a means
to comprehend the composition of graphs, while the spatial
model is employed to extract node attributes within temporal
layers.

Formally, we arbitrarily collect the region of the nodes in G
and enforce them to connect together as a graph Mr . On the
subgraph networks, we can consider γ as a concatenated
feature derived by the node embeddings from spatial GCN
denoted as

γ =
⋃

r

(mr , er ) (8)

C. Temporal Module

The temporal model is applied to acquire temporal depen-
dencies with hidden vectors from the previous time step.
To obtain the temporal dependencies of composed features,
we constructed the GRU architecture using GCN, inspired
by the baseline model [35]. This is the extension technique
of Convolutional LSTM [36] to handle spatial dependencies
into a temporal module. Figure 2 illustrates the architecture
of GRU, which can accommodate the graph structure and the
composed features. Within this framework, the activation func-
tion σ represents the sigmoid function, and the parameters W
correspond to the weights. The function f (vt , At ) denotes
the computation of graph convolutions in the time step t ,
which is subsequently concatenated with the input hidden
vectors. Accordingly, the structural convolution function can

Fig. 2. The architecture of GCN based GRU.

be formally defined as follows:

f (v, A) = σ(Wγi +W
di∑
l

γ
(l)
i ) (9)

Incorporating the structural formulas and the temporal
dependency function, our RegT-GCN formulation at the node
level can be expressed as follows with the initial condition of
h0 = γ0.

zt = σ(Wz f (vt , At )⊕ ht−1)

rt = σ(Wr f (vt , At )⊕ ht−1)

h̃t = tanh(W f (vt , At )⊕ (ht−1 ⊙ rt ))

ht = (1− zt )⊙ ht−1 + zt ⊙ h̃t (10)

where ⊕ denotes the concatenation operation applied to the
hidden vectors. This formulation enables the modeling of
temporal dependencies and information propagation in the
graph-based neural network.

D. Model Training

After iterating the input time steps in the temporal module,
they are all passed to the decoder, consisting of two linear
layers and the ReLU activation function.

We also modified the attention vector αt as an aggregation
function in simplified form to improve computational effi-
ciency and in accordance with our experimental decision.

αt =
exp(αt )∑

s∈NK \{t} exp(αs)
(11)

Finally, the calculated hidden vectors are passed through
the decoder to yield the predicted outputs for the nodes at the
time step t + 1, denoted Vt+1, and the hidden vector matrix
is expressed as Ht .

Vt+1 = ReLU(Ht W(0)
+ b(0))W(1)

+ b(1)

= ReLU(ReLU(αt f (Vt , At )⊕Ht−1)W(0)

+ b(0))W(1)
+ b(1) (12)

During the training process, the model is trained to min-
imize the discrepancy between the actual truck parking
occupancy rates and predicted values across time steps. The
loss of the model is then calculated using the target attribute,
the occupancy rates matrix Ot , using the mean squared error
criterion.

L =
1
N

N∑
n=1

(Ont − Ônt )
2 (13)

where Ô is the matrices of predicted occupancy rates.
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Fig. 3. Spatial distribution of truck parking sites in eight states in MAASTO
(left). Average hourly occupancy rate at one site in a week averaged by
days of 4 weeks (right top). Monthly whiskers data visualization (right
bottom) [31].

IV. EXPERIMENTS

This section explains data, data handling, experiment set-
tings, and the results. There are two perspectives of results,
including truck parking usage prediction in different time
horizons and the efficiency of graph connectivity regarding the
model performance of Regional Decomposition. Discussion
follows in the end.

A. Data Collection and Pre-Processing

Figure 3 (Left) shows all truck parking sites in MAASTO
states and where we have collected parking data. Currently
(as of Oct, 2023), TPIMS-DAS has archived data from
144 parking sites (public and private) of the eight participating
MAASTO states. The number of current sites reporting data
in each state is Iowa: 44, Illinois: 19, Kansas: 18, Kentucky:
13, Michigan: 14, Minnesota: 7, Ohio: 18, and Wisconsin: 11.
About 160,000 parking records are archived in TPIMS-DAS
daily; hence more than 1000 records per site on average. Due
to maintenance periods in some sites and a lack of consequent
data, we picked 104 sites for the graph construction and usage
prediction. Right figures on Figure 3 show average occupancy
rate in daily and monthly from our previous research [31].

To apply TPIMS data in our model, we pre-processed the
raw data in the appropriate format. We extracted dependent
features from archived data following the formats in Table I.
Week ID, day ID, and hour ID are dynamically changed, and
others are static features corresponding to each site. These
features were identity encoded and used as the input features of
the nodes. The occupancy rate is calculated using the available
data and capacity and is the target feature of the model.

Edges connect two different sites, and nodes are partially
connected with the characteristics of highway networks. Fol-
lowing that, we selected sites within 40 miles, which is
approximately a 35-minute driving distance, then connected
them to construct single connected graph and regional sub-
graphs. Each edge has the actual driving distance as weights
extracted from Bing Maps Locations API. For this research,
we used 10-minute frequency data, while some sites have dif-
ferent data collection frequencies. Therefore, we interpolated

TABLE I
FEATURE DESCRIPTIONS ON OUR DATASET

the occupancy rate data with the linear interpolation. Other
dynamic features were determined to be the same number as
the previous timestep. Please refer to more details from here
(https://github.com/raynbowy23/TPIMSDataset).

B. Evaluation Metrics

Usage prediction metrics compare the predicted value and
ground truth data statistics. They are calculated using the root
mean squared error (RMSE), mean absolute error (MAE),
and mean absolute percentage error (MAPE). We used the
occupancy rates on every site for the target value, which is
the parking usage divided by the full capacity. The distance
between the predicted and ground truth values is interpreted
as the prediction accuracy. In addition, RMSE also considers
the outliers by providing a large penalty.

RMSE =

√√√√ 1
N

N∑
n=1

T∑
t=1

(Ont − Ônt )
2

MAE =
1
N

N∑
n=1

T∑
t=1

|Ont − Ônt |
2

MAPE =
1
N

N∑
n=1

T∑
t=1

|
(Oni − Ônt )

2

q95(On)
| (14)

N is the number of truck parking sites, and q95 is the
95th percentile of the approximate ground truth value as a
“reference capacity” [27]. Due to the working time limitation
and constraints of information distribution, over-usage of the
maximum capacity is sometimes observed in some truck
parking sites. Hence, we utilized the 95th percentile occupancy
to represent each site’s parking capacity.

C. Model Comparison

We compared our proposed framework, Regional Temporal
GCN (RegT-GCN), with the following baseline methods:
Stacked GRU, Stacked GCN [37], Temporal GCN (T-GCN)
[35], Temporal Graph Convolution LSTM (LTGC) [38], Graph
SAGE [33], Spatial and Temporal Normalization (STNorm)
[39], and Spatial Temporla Identity (STID) [18]. They were
all applied RMSProp and the learning rate is 10−3 with the
decaying rate of 10−4. Input channels are 8 for all models and
output channels are 512 for LSTM, T-GCN, and LTGC and
256 for the other models. For this experiment, we used one
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TABLE II
THE COMPARISON OF PREDICTION RESULTS USING BASELINE AND OUR MODELS ON THE TRUCK

PARKING DATASET WITH DIFFERENT TIME HORIZONS (DISPLAYED IN MINUTES)

GeForce RTX 3080 for training and inference. Experimentally,
our model takes around 15 minutes for training and 1 minute
for inference.
• Stacked GRU is a model deliberating temporal depen-

dencies. Empirically, two layers of GRU perform better
than one or three layers in this task setting.

• Stacked GCN is a model deliberating spatial dependen-
cies. The model composes two layers of GCN [37].

• T-GCN is composed of GRU as a temporal module
with attention-based aggregation (A3TGCN) on its spatial
module [35].

• LTGC is based on Chebyshev Graph Convolutional Long
Short Term Memory Cell [38] with 2 for Chebyshev filter
size and the symmetric normalization.

• Graph SAGE [33] is a general framework for induc-
tive representation learning on large graphs with
low-dimensional node embeddings.

• STNorm [39] serves as a normalization module
designed for temporal and spatial features. It employs
WaveNet [40] as its backbone model to effectively sepa-
rate and refine the high-frequency components and local
patterns embedded within the raw data.

• STID [18] integrates spatial and temporal identities to
enhance predictive performance.

• RegT-GCN uses A3TGCN for the spatial module and
GRU for the temporal module. Input subgraphs are cre-
ated with Regional Decomposition.

D. Truck Parking Usage Prediction

Each model was trained on 20% of the data (March 1st
to March 3rd, 2022) and tested on the rest of 80% of the
data (March 3rd to March 14th, 2022). Table II demonstrates
the performance comparison with baseline models. Comparing
the temporal and spatial models, Stacked GCN predicted
generally better than Stacked GRU, which indicates the spatial
model learns better representations of truck parking sites
than the temporal model. In comparison, most spatio-temporal
models improved the model performance, especially in shorter
time horizons compared to Stacked GRU and Stacked GCN.

Across the models, our RegT-GCN outperforms the baselines.
Specifically in longitudinal analysis, Stacked GRU decreased
its performance compared to Stacked GCN since the tem-
poral model highly depends on the predicted time horizons.
At longer time horizons, the result of Stacked GCN pre-
dicted a better or closer accuracy to spatio-temporal models,
while Stacked GRU, T-GCN, and STID performance dropped
the prediction accuracy. Across most time horizons, our
RegT-GCN successfully demonstrates improvements in truck
parking prediction performance.

Figure 4 illustrates the predicted results of RegT-GCN
and ground truth. The above figure compares the pre-
dicted occupancy rate over the timestamp beginning from
Mar. 3rd, 2022. The prediction results show that the model
successfully learns the tendencies of truck parking usage,
which also adequately predicts intense usage. The figure below
shows the predicted occupancy rate over a time horizon of
360 minutes. RegT-GCN also learns the tendency of the usage
at whole timestamps. However, compared to a time horizon
of 30 minutes, RegT-GCN exhibits limitations in predictive
performance and capturing peak values accurately. These
examples prove that graph decomposition can be effective in
any time horizon, such that truck drivers can schedule their
route anytime.

E. Model Generality

To assess the generalizability of the models, we selected
additional weeks, starting from March 15th, 2022, for the
test sequences and conducted inference experiments with the
pretrained models. Table III summarizes the results of RMSE,
MAE, and MAPE to evaluate the model’s predictive accuracy.
In the table, every model shows the general capability of its
predictive abilities to other time ranges.

Further analysis reveals that RegT-GCN consistently out-
performed baseline models across various time horizons,
indicating their superior predictive capabilities. Remarkably,
even when baseline models exhibit lower performance than the
original prediction results, models with integrated decompo-
sition techniques maintain their efficacy in providing accurate
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Fig. 4. The results of occupancy rate prediction with RegT-GCN at one truck parking site for the time horizon of 30 minutes (above) and 360 minutes
(below) and ground truth from Mar. 3rd, 2022 to Mar. 14th, 2022.

TABLE III
THE GENERALIZABILITY COMPARISON OF PREDICTION RESULTS USING BASELINE AND OUR MODELS

ON THE TRUCK PARKING DATASET WITH DIFFERENT TIME HORIZONS (DISPLAYED IN MINUTES)

Fig. 5. Variety of connectivity on the simple graphs (Left: connected, Middle:
randomly connected, Right: regionally connected). Small ellipses represent
regional classification. The same color denotes the same group constructing
one graph.

and generalizable inferences. These findings underscore the
consistent and superior performance of the Regional Decom-
position in predictive accuracy, regardless of the time horizon
under consideration.

F. Regional Vs Random Graph Decomposition

We also conducted an experiment on graph connectivity
exploration. Figure 5 illustrates the diversity of connection
approaches. We divided the truck parking location graph into
subgraphs characterized by random connections. The proposed
model, Random T-GCN (RanT-GCN), is analogous to DropE-
dge [32], which applied random edge sampling on the graph to

make several subgraphs. Most modules are the same as RegT-
GCN, but use random connected graphs as input subgraphs.
RanT-GCN separates an original graph into a subgraph, which
possesses the same number of nodes in each region with the
graph decomposition, and each node is randomly selected
and connected together. We also implemented the variants
of RanT-GCN.

• P: The total number of nodes in each region was randomly
selected.

• R: Each node was randomly selected to connect to each
other.

• S: Set the maximum degree of selected nodes to four.

In the study of different connectivity approaches, RanT-
GCN and RegT-GCN outperform the baseline models in most
of the prediction time horizons. Within these two, regionally
decomposing a graph achieved the best accuracy. Table IV
explains that node selection contributes more than chang-
ing the degree of nodes and regional selection. However,
the experiments on different node selections (RanT-GCN vs.
RanT-GCN (R)) came to the same results; thus, the node
selection should be taken carefully, as we will mention in our
discussion.
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TABLE IV
DIFFERENT CONNECTED GRAPH-BASED MODEL

COMPARISON AT TIME HORIZON 10

Fig. 6. Sensitivity analysis of varying input time steps (top), hidden layers
dimensions (bottom left), and output dimensions of RegT-GCN (bottom right).

G. Parameters Sensitivity Analysis

Lastly, we examined the model sensitivity by varying the
input time step as {1, 3, 6, 9, 12}, the hidden layers dimension
as {16, 32, 64, 128, 256, 512}, and the output dimension of
RegT-GCN as {16, 32, 64, 128, 256, 512} (Figure 6). When
testing the hidden layer dimensions, the output dimensions
were fixed at 256, and vice versa.

The first analysis (top) demonstrates that shorter input time
steps initially produce lower RMSE, and the results are not
always consistent across different output horizons, although
longer input sequences are often expected to yield better
predictive performance. Interestingly, the RMSE values for all
input configurations converge as the output time steps increase.
This convergence indicates that, as the model predicts farther
into the future, the accumulated prediction uncertainty limits
the impact of the initial input length. Similarly, we can assume
that increasing the input length yields diminishing results at a
certain point when the input length is approximately balanced.

The second analysis (bottom left) indicates that while
increasing hidden layer dimensions generally reduces RMSE,
there are fluctuations at 256 dimensions. Finally, the third
analysis (bottom right) shows that increasing the RegT-GCN
output dimensions improves the accuracy, with RMSE decreas-
ing up to 256 dimensions, after which the improvements

plateau. While larger output spaces allow richer feature repre-
sentations, there is a point beyond which additional complexity
yields diminishing returns. These results suggest that model
architecture must be carefully tuned to balance performance,
as overly complex networks may not always improve results.

H. Discussion

1) Computational Efficiency: The superior performance of
our models stems from a reduced number of overlaps among
reference nodes. Specifically, in a connected graph with self-
loops, each node is calculated N ∗ l times, where N expresses
the number of nodes and l represents the number of neighbors
being sampled for each node. However, these overlaps hinder
the learning of the graph structure since a node requires more
computation to refer to more nodes. In contrast, our model
addresses this issue by creating subgraphs and reducing the
overlap to N r

∗ lr for each spatial module, where N r and
lr denote the number of nodes and neighboring nodes in
subgraphs. As a result, the model can prioritize the crucial
truck parking feature in the region through simple calculations.

2) Graph Connectivity: The experiment results show that
both the regional and random decomposition techniques out-
perform the non-decomposed method, T-GCN. This suggests
that the concatenation of hidden vectors plays a crucial role
in sharing subgraph features, highlighting the importance
of employing graph neural networks in conjunction with
pre-clustering graphs for superior performance.

At the same time, the connectivity of the decomposed
graph needs to be taken into account. According to the
analysis of previous research [31], truck drivers tend to use
consecutive parking sites when one of them is fully occu-
pied. Consequently, considering cooperative node interactions
within regions yields better outcomes. Hence, the competi-
tive performance of the Regional Decomposition approach in
comparison to a single or random connected graph indicates
that our framework can achieve strong performance simply by
decomposing the input graph.

I. Limitations and Future Work

1) Route Planning and Graph Connectivity: Corresponding
to the truck driver’s decision-making process, our research is
limited to exploring the graph connection along with their
route planning. We will explore the concept of decomposition
by their route planning network in our future research.

2) Over-Smoothing: The investigation of the limits of
over-smoothing [41] on our models is also important.
By incorporating deeper layers and exploring the potential for
extending the prediction time horizon, the proposed model’s
maximum allowable performance limits should be investigated
in the future.

3) Model Composability: It is necessary to design an
end-to-end framework capable of automatically decomposing
graphs and integrating spatio-temporal modules for inductive
scenarios. This will enable us to apply the models to previously
unseen graphs, such as those outside the scope of participating
states in MAASTO, while maintaining consistent and robust
performance.
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V. CONCLUSION

In this paper, we propose the Regional Temporal Graph
Convolutional Network (RegT-GCN), a state-wide truck
parking usage prediction framework, leveraging topological
structures of truck parking site distributions. The RegT-GCN
comprises a Regional Decomposition approach to learn the
geographical characteristics efficiently and a spatio-temporal
module to capture the temporal dependencies on graphs.
Experiments using our original field dataset show that the pro-
posed models outperform other baseline models. Decomposed
graphs into regional-oriented subgraphs result in better predic-
tion capability and consistency of inferences. The study also
encompasses a demonstration of predicting usages through
the empirical observation of non-informative loss, facilitated
by the integration of the Gated Recurrent Unit module,
which adeptly adapts to value fluctuations. Furthermore, with
extensive experiments focused on graph connectivity, this
paper validates that incorporating regional relationships of
truck parking enhances the comprehension of the structural
dynamics of truck parking behavior.
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