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ABSTRACT

Regional traffic forecasting is a critical challenge in urban mobility, with applications to various
fields such as the Internet of Everything. In recent years, spatio-temporal graph neural networks have
achieved state-of-the-art results in the context of numerous traffic forecasting challenges. This work
aims to expand upon the conventional spatio-temporal graph neural network architectures in a manner
that may facilitate the inclusion of information regarding the examined regions and the populations
that traverse them to establish a more efficient prediction model. The end-product of this scientific
endeavor is a novel spatio-temporal graph neural network architecture for regional traffic forecasting
referred to as WEST (WEighted STacked) GCN-LSTM. Furthermore, the aforementioned information
is included via two novel dedicated algorithms, the Shared Borders Policy and the Adjustable Hops
Policy. Through information fusion and distillation, the proposed solution significantly outperforms
its competitors in an experimental evaluation of 19 forecasting models across several datasets. Finally,
an additional ablation study determined that each component of the proposed solution enhances its

overall performance.

1. Introduction

Regional traffic forecasting is an emerging challenge in
the domain of urban mobility that is important in various
fields such as smart cities (1), edge computing (2), the
Internet of Things (3), wireless networks (4), personalized
recommender systems (5), epidemiology modeling (6), and
many more. However, the importance of regional traffic
forecasting continues to grow in the context of the Internet
of Everything (IoE) paradigm (7), which is characterized by
an intricate web of relationships among people, things, data,
and processes. Regional traffic forecasting refers to predict-
ing future traffic conditions across diverse geographic areas
characterized by grid-based or non-uniform partitioning and
over multiple periods, which may span from a few minutes
to several hours. This process is conducted using dedicated
forecasting models.

Despite its numerous beneficial applications in the fields
above, regional traffic forecasting poses a complex problem,
as it requires accurately forecasting traffic conditions across
different areas over an extended period. This complexity
arises from the intricate and interlinked two-fold nature of
traffic systems that manifest spatial and temporal charac-
teristics (8). Spatially, traffic conditions in one region can
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be influenced by events occurring in neighboring or distant
areas, requiring an understanding of the spatial dependencies
between different regions. In other words, traffic conditions
in one area can have a cascading effect on neighboring
regions, making it imperative to model and account for the
interdependencies among regions accurately. Temporally,
traffic patterns undergo dynamic changes influenced by time
cycles of varying lengths (9), demanding models that capture
both short-term fluctuations and long-term trends.

Thus, any attempt at constructing regional traffic fore-
casting models should be designed to incorporate informa-
tion regarding the topology of the various regions and the
populations that traverse them. Thankfully, such informa-
tion can become readily available via technologies such as
advanced traffic sensor networks (10) and integrated geo-
graphic information systems (11). These technologies can
continuously monitor, document, and archive spatial and
time information across multiple instances. By combining
advanced modeling techniques, real-time data streams, and
domain-specific knowledge, it is possible to create robust
and accurate forecasting systems capable of handling the
intricacies of regional traffic (12).

In recent years, spatio-temporal graph neural networks,
such as GCN-LSTM (13; 14), have demonstrated state-of-
the-art performance in a wide range of traffic forecasting
problems (15; 16), primarily due to their intrinsic nature of
effectively incorporating contextual information. However,
only a few of these endeavors focus on regional traffic
forecasting. Furthermore, the use of spatio-temporal graph
neural networks for regional traffic forecasting has been quite
limited in the sense that prior attempts focus on capturing
either the spatial or temporal aspects of this problem.
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More specifically, in terms of encapsulating the temporal
aspect, the vast majority of prior works leverage either the
distance between the centers of regions (17; 18; 19; 20;
21; 22) or the neighboring statuses of regions (23; 24; 25).
On the other hand, in terms of the temporal aspect, prior
works mainly focus on traffic pattern similarity matrices
(26; 27; 28). Unfortunately, this fragmented approach is
bound to result in suboptimal representations of the exam-
ined environment and, consequently, in suboptimal regional
traffic forecasting accuracy.

Motivated by this fact, our work aims at expanding upon
the GCN-LSTM architecture in a manner that may facilitate
the incorporation of a wider range of information regarding
the various populations (temporal aspect), as well as the
regions that they traverse (spatial aspect), to establish more
refined and accurate prediction models, through information
fusion and distillation. This scientific endeavor results in a
novel spatio-temporal graph neural network architecture for
regional traffic forecasting that leverages weighted stacked
graph convolution. This architecture is referred to as WEST
(WEighted STacked) GCN-LSTM. Furthermore, the infor-
mation above is incorporated via two novel algorithms, the
Shared Borders Policy and the Adjustable Hops Policy. This
paper analyzes the proposed architecture and algorithms in
great detail and evaluates the efficiency of the proposed
solution.

More specifically, the remainder of the paper is struc-
tured in the following manner: Section 2 explores the corre-
sponding scientific literature based on various traffic fore-
casting models. Section 3 establishes the problem formu-
lation used throughout this paper. Section 4 showcases the
proposed solution. Section 5 describes the experimental
process undertaken to evaluate the efficiency of the pro-
posed solution. Finally, Section 6 summarizes the merits and
findings of this work and proposes potential future research
directions.

2. Literature Review

Depending on the examined regional traffic forecasting
scenario, the moving entities’ characteristics and the regions
they traverse may vary significantly. Nevertheless, regard-
less of which type of scenario is being considered, these
two aspects constitute the cornerstone of regional traffic
forecasting. As such, any attempt at conducting regional
traffic forecasting should be carried out within a spatio-
temporal framework capable of encapsulating the dynamic
nature of the moving entities that are bound to manifest.

This view of traffic evolution as a dynamic system led
earlier attempts at traffic forecasting to consider using Re-
current Neural Networks (RNNs) (29). While RNNs have
been particularly effective for modeling sequential data ex-
hibiting dynamic behavior, their efficacy wanes in storing
prolonged information, attributed to the vanishing / explod-
ing gradient phenomenon that appears in long sequence
learning (30). To surmount this limitation, Long Short-Term
Memory (LSTM) networks were used in the context of
regional traffic forecasting (31). LSTMs excel in capturing

temporal intricacies and long-term dependencies. However,
while these models proficiently handle sequential data and
unveil temporal patterns within mobility tasks, their prowess
in the temporal domain stands in contrast to their limitations
in comprehensively encapsulating the spatial aspects of the
problem.

Encoder-decoders (EDs) are composite Deep Learning
(DL) architectures capable of mitigating this limitation.
They are designed to handle variable-length input and output
sequences, making them ideal for sequence-to-sequence
predictions due to their structure. The encoder converts
variable-length input into a fixed-shape state, and the de-
coder, using the encoder’s states, generates the output based
on gathered information. While the role of the encoder
is to encapsulate the spatial underlying dependencies, the
decoder aims to capture the various temporal patterns and
thus is usually based on some form of RNN model. Notable
encoder-decoder architectures that have been examined in
the frame of traffic forecasting scenarios include the LSTM
ED (32), THE BD-LSTM ED (33), the CNN-LSTM (34),
the Hybrid LSTM ED (35), and the Hybrid LSTM ATT ED
(36).

More specifically, the findings we derived while author-
ing the latter of these works motivated us to focus our efforts
on establishing a more advanced solution for regional traffic
forecasting. This work showcased that ED architectures,
when leveraged for multi-step regional traffic forecasting in
a single region, manage to outperform their competitors.
However, the situation changes drastically when simultane-
ously exploring multiple regions in a multi-step manner due
to the dramatic increase in the complexity of the input and
output sequences. During such multi-regional scenarios, ED
architectures seem to lose their clear competitive advantage
against other approaches, such as the ones that are based on
Linear Regression (LR) (37) and Machine Learning (ML)
(38) approaches, depending on the underlying characteristics
of the dynamic systems that derive from the corresponding
regional traffic scenario. Significant increases in the com-
plexity of the input and output sequences seem to construct
a performance plateau that disproportionally affects each
forecasting approach. This observation shows the need to
introduce regional traffic forecasting mechanisms whose
efficiency is not jeopardized by increases in the underlying
complexity of the problem but, instead, through information
fusion and refinement, manage to consistently rise above the
aforementioned plateau, regardless of the underlying system
dynamics.

The pursuit of effective methodologies to address chal-
lenges inherent in processing data originating from non-
Euclidean domains has recently garnered significant atten-
tion. At the forefront of these endeavors lie Graph Neural
Networks (GNNs) (39), renowned for their adeptness in re-
solving problems that are intricately intertwined with spatial
aspects (40). This prowess emanates from their inherent
capacity to harness and exploit the spatial attributes of
data about a given problem. Over time, foundational GNN
architectures have undergone extensions to augment their
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inherent attributes, thus resulting in several variations. The
most notable of these variations are recurrent graph neural
networks (41), graph convolutional networks (GCN) (42),
graph autoencoders (43), and spatio-temporal graph neural
networks (44). Spatio-temporal graph neural networks have
been proven quite successful in traffic forecasting (45) since
their architecture enables them to capture spatial and tem-
poral dependencies simultaneously. This can be achieved by
leveraging graph convolutions to model spatial dependen-
cies alongside RNNs to encapsulate temporal dependencies
(46) in a manner aligned with the ED paradigm.

The modus operandi of GNNs is based on iteratively
aggregating information from the neighbors and updating
the representations of nodes. A dedicated adjacency matrix
dictates the neighbors of each node. In most cases, the
node representation is updated based on the direct neighbors
of the node, which are called 1-hop neighbors. However,
there have been works (47; 48) that advocate for extending
information aggregation to K-hop format to enhance the
model’s expressive power (49). In the context of spatio-
temporal graph neural networks, there has been only a single
instance (50) where the incorporation of K-hop information
aggregation was examined. However, in the context of the
aforementioned work, K was regarded as a parameter tuned
by trial-and-error. In our work, however, K is calculated
using information regarding the moving speed of the pop-
ulations and the topology of the regions. This design choice
enables the proposed solution to encapsulate the temporal
aspects of regional traffic forecasting concerning the moving
speed of the various populations.

Although there have been numerous works that examine
the use of GNNSs in the context of traffic forecasting (51; 52;
53), only a rather small fraction of them focus on the use of
graph neural networks for regional traffic forecasting (54).
The vast majority of these works can be categorized based
on the way they construct the graphs’ adjacency matrices
(55). Most of these works (17; 18; 19; 20; 21; 22) choose to
construct the adjacency matrices based on various distance-
related metrics (in most cases, the distance between the
centers of the regions). Other works (26; 27; 28) propose the
construction of adjacency matrices based on traffic pattern
similarity matrices. Finally, the last category includes solu-
tions (23; 24; 25) that leverage binary adjacency matrices
based on whether or not the involved nodes are neighboring.
An overview of this analysis is depicted in Table 1. In our
work, we expand upon the latter category by proposing a
weighted adjacency matrix to encapsulate the lengths of
borders being shared between the various regions. This
design choice enables the proposed solution to encapsulate
the spatial aspects of regional traffic forecasting regarding
the topology of the involved regions in a more refined
manner. Furthermore, all of the aforementioned GNN-based
solutions for regional traffic forecasting are designed to focus
on either the spatial (distance of centers, neighboring status)
or the temporal (traffic) aspects of this problem. However,

in our work, we propose a solution that is capable of opti-
mally capturing both the spatial and the temporal aspects of
regional traffic forecasting.

Our work aims to introduce an advanced forecasting
model that, through information refinement and fusion,
can produce more accurate regional traffic predictions. To
achieve this goal, we extend spatio-temporal graph neural
networks in a manner that is aligned with the regional traffic
forecasting paradigm. To do so, we propose a novel spatio-
temporal graph neural network architecture for regional
traffic forecasting, incorporating weighted stacked convolu-
tions. Weighted stacked convolutions require the calculation
of the weighted adjacency matrix and the number of graph
convolution layers K. To that end, we also propose two
novel policies (Shared Borders Policy & Adjustable Hops
Policy) that leverage information regarding the speed of
the populations and the topography of the regions that they
traverse to calculate the adjacency matrix and K.

What differentiates our proposed solution from these
prior works in regional traffic forecasting is the fact that they
were designed in a manner that leverages the incorporation
of information regarding the spatial / temporal aspect only
in regards to the construction of the corresponding adja-
cency matrix. As such, they can incorporate only one of
these aspects. On the other hand, our proposed solution is
designed in a manner that incorporates the spatial aspect in
the construction of the adjacency matrix, and the temporal
aspect in regards to the number of graph convolution layers
K (Adjustable Hops Policy). In other words, our proposed
approach expands upon the existing feature aggregation
approaches in the frame of using spatio-temporal GNNs
for regional traffic forecasting by incorporating both the
adjacency matrix (spatial information) and the number of
graph convolution layers K, while prior works use only
the adjacency matrix to incorporate only either spatial or
temporal information.

Furthermore, our proposed solution builds upon the
neighboring statuses of regions approach by introducing a
weighted adjacency matrix that represents the shared border
lengths between different regions. This design decision
enhances the proposed solution’s ability to capture the
spatial characteristics of regional traffic forecasting with
greater precision in relation to the topology of the regions
involved (Shared Borders Policy). Out of the aforementioned
works, only a small number of them leverage weighted graph
convolution, but they apply them in the frame of the distance
between centers or the traffic pattern similarity approaches.
To the best of our knowledge, our work is the first one
that uses weighted graph convolution in the frame of the
neighboring status of regions approach. Hence, our proposed
solution does not only leverage a wider range of information
but also more refined forms of information (compared to
the corresponding scientific literature) for encapsulating the
underlying environment. As a result, the proposed solution
is designed in a manner that shall be capable of providing
superior results in terms of regional traffic forecasting.
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Reference Spatial Aspect Temporal Aspect
(17) Distance between Centers -
(18) Distance between Centers -
(19) Distance between Centers -
(20) Distance between Centers -
(21) Distance between Centers -
(22) Distance between Centers -
(23) Neighboring status of Regions (binary) -
(24) Neighboring status of Regions (binary) -
(25) Neighboring status of Regions (binary) -
(26) - Traffic pattern similarity
(27) - Traffic pattern similarity
(28) - Traffic pattern similarity
Proposed _ D_istance between ;enters, _ Speed of involved entities
(ours) Neighboring Status of Regions (weighted)

Table 1

Categorization of related works on regional traffic forecasting using spatio-temporal GNNs based on their corresponding spatial

and temporal aspects.

3. Problem Formulation

A large portion of this paper is dedicated to eval-
uating models to forecast population flow estimates for
regions across multiple future periods. We refer to this
challenge as multi-step regional traffic forecasting. A re-
gion refers to a specific area within a larger geographic
or urban context of particular interest for a certain pur-
pose or analysis. These regions are represented by the set
Regions = {Region,, Region,.., Region, }, where Region,,
indicates the n'" Region with 1 < n < N, where N
corresponds to the number of Regions. Each Region, is
characterized by its Borders which are represented by the
set B, = {b;,b,..,b,}, where b, indicates the b"* Bor-
der, where 1 < b < B, and by its Center, which
is represented by a 2-tuple that corresponds to its x &
y coordinates. The average distance between the various
Center, 2-tuples is denoted by D. Furthermore, each Border
is regarded as a line segment, which is characterized by
a 4-tuple that corresponds to the x & y coordinates of
the two endpoints of the line segment. The various types
of populations are represented by the set Populations =
{ Population,, Population,.., Population,}, where p, indi-
cates the p* Population with 1 < p < P, where P
corresponds to the number of different Populations. The
distinction between Population types is made based on
their ability to traverse the area, and thus, each of these
Populations is characterized by an average moving speed
(Speed p). The notations used in the context of this work are
summarized in Table 2.

In time-series analysis (56), the multi-step formulation
involves predicting future values of a time series by fore-
casting multiple time steps. This method differs from the

single-step approach, which only estimates the next point
in time. Furthermore, the multivariate formulation in time
series analysis involves creating a model for target variables
that relies on multiple predictor variables. These predictor
variables are interdependent and display temporal dependen-
cies over time, which may be impacted by exogenous inputs
and noise. This method can be mathematically represented
as a system of equations, where the target and predictor
variables are modeled as stochastic processes that vary with
time.

In the context of the present challenge, the output vec-
tor’s dimensional space is denoted by RV*U, wherein N
represents the number of Regions for which we intend to
predict traffic at a given time point ¢, and U denotes the
number of future steps over which we aim to make these pro-
jections. Similarly, we define the input vector’s dimensional

space as RV /*U/, where N’ corresponds to the number of
the Regions whose population variations exhibit reliance on
those of N, and U’ signifies the number of preceding time
steps that contribute to the retrospective observation window
(look-back window). Notably, in our modeling, the value of
N'is equal to that of N.

In further elaboration, we focus on a particular time point
t; and consider the input vector X as follows:

X = {xi_U/H,...,x,-_,/,...,x,-},l’ el’, (1

’
wherein x;_y = {Regiontl. ll,Region% I,,...,Regionf 1,}
1= 1— 1=

represents the Population of each Region n € N " at the
time #;_,. Similarly, we model the output vector Y, which
is characterized as follows:
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Y={yi+]7"'7yi+l7"-’yU}slEU’ (2)

1
1
represents the population of each Region n € N at the time

: : P P
wherein y.,;, = {Region Region ..., Region
y1+l { 8 +/’ g Ii+/’ ) 8 ti+l}

ligl-

Since our work aims to expand upon spatio-temporal
graph neural networks, it is vital to convert the prior problem
formulation to graph format. There have been numerous
variations in terms of types of graphs. Arguably, the most
significant distinction among these variations is whether
the considered graph structures are static or dynamic. Dy-
namic graphs can be classified into Discrete-Time Dy-
namic Graphs (DTDG) (57) and Continuous-Time Dynamic
Graphs (CTDG) (58). We have chosen the DTDG approach
to formulate regional traffic dynamically. According to the
DTDG paradigm, a dynamic graph is defined as a sequence
of snapshots of a static graph. Each snapshot corresponds
to a specific time-step ¢, the duration of which is referred
to as t,,;,400- 1hese snapshots construct a temporal contin-
uum that enables the emergence of temporal patterns and
phenomena. Furthermore, each one of the aforementioned
static graphs consists of multiple nodes and edges that
encapsulate the underlying spatial relations. In the context
of this work, each graph corresponds to an area in two-
dimensional space divided into N Regions that are being
traversed by P Populations at each time-step .

Given an undirected graph G that consists of N nodes
and E edges. The graph nodes correspond to the Regions,
and the graph’s edges correspond to how likely it is for a
member of a Population to move from one Region to another
within the time frame of a singular time step ¢. The following
two matrices can describe this graph:

e A weighted Adjacency Matrix A € RM*N that
incorporates edge weights wij.

o A Feature Matrix Z € RV*F where F corresponds
to the dimension of each Feature Vector.

The Feature Matrix can be viewed as the total of the
Feature Vectors. Each of the N rows of the Feature Matrix
corresponds to a Feature Vector that describes node-level
features. In the context of this work, each node (Region) is
described by a Feature Vector whose dimension is equal to
U', which are the traffic values recorded at the corresponding
Region during the last U’ time-steps, and thus F = U'. Fur-
thermore, each of the U " columns of the Feature Matrix Z
corresponds to a different time-step ¢ of the input sequence.
This formulation enables instances of the Feature Matrix
to be modeled as time-series data. The Adjacency Matrix
A is static and, thus, remains unchanged throughout the
various time steps since it models the statistical possibility
of moving from one Region to another. On the other hand,
the Feature Matrix Z is dynamic and is different for each
time-step ¢. Subsequently, snapshots of the Feature Matrix
Z are conceptually equivalent to the aforementioned input

!
vector X € RNxU"

Table 2
Notations used in this paper.

Notations Descriptions

R” n-dimensional euclidean space

N number of Regions

Regions set of Regions

Border, set of Region,'s Borders

Center, Center of Region,

D the average distance between the Centers
P number Populations

Populations  set of Populations

Speed, average speed of Population,

U number of input time-steps

U’ number of prediction time-steps

t pindow duration of each time-step

F dimension of Feature Vector

zZ Feature Matrix

D Average distance between two Region Centers
G Undirected Graph

A Adjacency Matrix

1 Identity Matrix

w Edge Weights

K number of stacked GCN layers

w learnable weight matrix

| X] the number of elements in a given set X

4. Proposed Solution

This work aims to expand upon the GCN-LSTM archi-
tecture, depicted in Fig. 1, in a manner that may enable the
incorporation of information regarding the various Popula-
tions, as well as the Regions that they traverse, to produce
more refined and accurate prediction models.

Towards achieving this goal, the proposed solution con-
sists of three components that are closely intertwined with
each other. These components are the following:

e the WEST GCN-LSTM
o the Shared Borders Policy
o the Adjustable Hops Policy

The proposed WEST GCN-LSTM is a novel architecture
that extends the conventional GCN-LSTM architecture by
facilitating multiple weighted stacked graph convolution lay-
ers based on a weighted Adjacency Matrix A and the number
of stacked graph convolution layers that is denoted by K
for regional traffic forecasting. According to our solution,
A and K are calculated using the Shared Borders Policy
and the Adjustable Hops Policy, respectively. The Shared
Borders Policy is designed to leverage information regarding
the Borders of the Regions. In contrast, the Adjustable Hops
Policy is designed to leverage information regarding the
Speed of Populations, the Centers of the Regions, and the
number of prediction steps. This section explains these three
components in more detail.
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Figure 1: GCN-LSTM model architecture.

4.1. WEST GCN-LSTM

WEST GCN-LSTM is a spatio-temporal graph neural
network based on the ED architectural paradigm. As the
name suggests, the encoder is based on weighted stacked
GCNs, and the decoder is based on LSTMs. To establish
the foundations of the proposed solution, it is necessary to
delve briefly into the mechanisms of the WEST GCN-LSTM
model.

4.1.1. WEighted STacked (WEST) Graph
Convolutional Networks (GCN)

GCNs leverage the graph structure to aggregate infor-
mation from neighboring nodes. In this step, each node
collects information from its neighbors, including itself, to
update its feature representation. This is achieved through a
linear transformation and aggregation process. After aggre-
gating neighbor information, a non-linear activation function
(ReLU) is applied to generate the aggregated representation
h. It is paramount to note that the number of stacked GCN
layers equals the number of hops in terms of neighbors
that the aggregation process can encompass during each
iteration. For instance, when a GCN is constructed with just
a single convolution layer, nodes can exclusively access their
immediate neighbors for aggregating representation data. In
the frame of weighted stacked graph convolution, the con-
volutional layers are influenced by the weighted Adjacency
Matrix A, while the quantity of stacked graph convolution
layers is denoted as K. Thus, in the context of weighted
stacked graph convolutions, A is calculated in the following
manner:

h0 = (2) fork =0 (3)

PR NN |
o =D 2AD 2 A% D *=Dy  fork=1,....K

“

,where h® corresponds to the aggregated representation
after k convolutional layers, and h®) = Z corresponds to
the Feature Matrix. Furthermore, Ais equal to A+ 1, and its
purpose is to incorporate self-connections, D is the diagonal

Degree Matrix of A, W signifies a dedicated learnable
weight matrix and o represents the ReLU function.

The use of A = A + I ensures the inclusion of self-
loops, which are crucial for retaining a node’s original fea-
tures during the aggregation process. This step prevents the
features from being entirely diluted by contributions from
neighboring nodes during message passing. Additionally,

1

normalizing the adjacency matrix through D"2 AD™2 ad-
dresses imbalances in node degree, ensuring that informa-
tion aggregation remains equitable across nodes regardless
of their connectivity. This normalization aligns with princi-
ples from spectral graph theory, enhancing the stability and
effectiveness of the learning process.

The weighted stacking mechanism in WEST-GCN intro-
duces further flexibility by allowing dynamic adjustment of
layer-specific weights, represented by W=D _ These learn-
able weights enable the model to capture complex dependen-
cies across layers, which is particularly valuable in graphs
with hierarchical or heterogeneous structures. Furthermore,
stacking K layers extends the model’s receptive field, allow-
ing nodes to aggregate information from neighbors up to K
hops away. This capability is essential for capturing global
structural patterns but introduces a tradeoff, as excessive
stacking can lead to over-smoothing, where node repre-
sentations across the graph become indistinguishable. The
balance of K is, therefore, critical to model performance.

The application of the ReLU activation function (o)
introduces the necessary non-linearity into the model, en-
abling it to learn complex feature representations. Without
this non-linearity, the model would be limited to performing
linear transformations, which would significantly restrict
its expressive power. Additionally, initializing h(?) as the
feature matrix Z serves as a logical starting point, reflecting
the raw input features before they are iteratively refined
through graph convolution. The progression of A% across
layers demonstrates how the model systematically integrates
both local and global graph structures into the feature repre-
sentations. The weighted adjacency and explicit control over
layer stacking are deliberate design choices that enhance
both the interpretability and performance of the model.
Weighted adjacency allows for the incorporation of domain-
specific insights, such as edge importance, into the graph
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structure, while the modular stacking mechanism facilitates
customization for a wide range of applications.

4.1.2. Long Short Term Memory (LSTM)

LSTM networks, similar to their precursor, employ the
Hidden State mechanism to facilitate the representation of
dynamic temporal behavior. The unique aspect of LSTM
networks is their utilization of the Cell State structure.
This architecture introduces Cell State manipulation through
regulatory mechanisms known as Gates. Each LSTM node
encompasses three gate-related elements, all incorporating
sigmoid layers to ensure differentiability within the 0 — o —
1 range. The sigmoid activation function scales values to
facilitate data importance assessment and decision-making
regarding retention or omission. Gate structures incorporate
two sets of weight matrices, denoted as W and U, associated
with Hidden State and input, and additional matrices for
Cell State. The input X, corresponds to timestamp ¢. Gates
employ these matrices, along with input and prior Hidden
State (hidden,_y).

The Forget Gate determines which historical information
from past timestamps is to be excluded from the Cell State.
Its output is computed using Eq. 5. The Input Gate evaluates
the significance of recent input, updating Cell State using
Eq. 6. Cell State calculation employs the C vector, generated
as per Eq. 7, with tanh activation mitigating gradient issues.
The Cell State update process is described in Eq. 8, combin-
ing the output of the Forget Gate and the Input Gate with
C. The Output Gate computes the subsequent hidden state
using Eq. 9. The new Hidden State is calculated using Eq.
10. Updated Cell State and Hidden State are then propagated
to subsequent LSTM nodes for the next time-step (59).

forget, = sigmoid(X, - W + hidden,_; - Uy) 5)
input, = sigmoid(X, - W; + hidden,_, - U;) (6)

C = tanh(X, - W, + hidden, ,-U,)  (7)

C, = forget, - C,_; +input, - C,  (8)

output, = sigmoid(X, - W, + hidden,_; - U,) ©)]
hidden, = output, - tanh(C,) (10)

The use of the sigmoid activation function across all
gate operations (Egs. 5, 6, and 9) ensures differentiability
while constraining outputs to the [0, 1] range. This bounded
range facilitates probabilistic weighting, allowing the net-
work to dynamically assess the importance of features. This
capability is essential for mimicking binary decisions while
maintaining the smoothness required for gradient-based op-
timization. Additionally, the hyperbolic tangent activation in
Eq. 7 normalizes values to the [—1, 1] range, thereby miti-
gating the vanishing gradient problem that plagued earlier
architectures like vanilla RNNs.

The gate mechanisms—Forget Gate, Input Gate, and
Output Gate— described in Egs. 5 through 10, provide a
modular framework for memory manipulation across time
steps. The Forget Gate (Eq. 5) adaptively determines which

parts of the previous state should persist, ensuring that irrel-
evant information is discarded. This dynamic management
of memory is critical in tasks like time-series forecasting,
where the importance of past and current contexts changes
continuously. The Cell State plays a pivotal role by acting
as a conduit for gradient flow during backpropagation. By
incorporating contributions from both past states (C,_;) and
current computations (C;), the LSTM ensures stable and
efficient training even for long sequences.

4.1.3. WEST GCN-LSTM

We combined weighted stacked GCN and LSTM layers
to predict regional traffic. This fusion of spatial and temporal
DL layers is called WEST GCN-LSTM. Weighted stacked
GCNs constitute the encoder and are designed to extract
structural characteristics of the input sequence, producing an
aggregated representation. This process is carried out in the
following manner:

hereoder — WEST GCN,pcoqer(Z> A) an

Here, h®"°°%r represents the aggregated representation
after applying weighted stacked graph convolution, A is
the weighted Adjacency Matrix of the graph, and Z is the
Feature Matrix. This representation is then fed as input to the
LSTM part of the model, thus capturing temporal patterns
at the graph snapshot level. The LSTM part of the model,
acting as a decoder, produces the desired predictions in the
following manner:

Y = LSTM gocoger(AE"0%) (12)

LSTMyecoder refers to the LSTM network that takes
the aggregated representation from the encoder as input to
produce an output that is then passed through a dense layer
to generate the multi-step predictions. In the frame of multi-
step time-series forecasting, the WEST GCN-LSTM model
takes as input a sequence of graph signals, where each signal
corresponds to a different time-step and is represented as
a graph signal on a fixed graph. The goal is to predict the
future values of the time series based on the graph signals of
previous time steps.

4.2. Shared Borders Policy

The graph’s edges play an integral role in representing
the spatial relations between the Regions by dictating which
nodes shall partake in the feature aggregation process. The
authors of this paper propose a novel approach by introduc-
ing the Shared Borders policy. The Shared Borders policy
is based on the reasonable assumption that the greater the
lengths of the shared borders are, the more statistically likely
it is for a larger percentage of a Population to traverse them.

According to this approach, the Adjacency Matrix A
shall be constructed based on the lengths of the Borders
that are being shared between each pair of Regions (nodes).
The process of calculating the length of the shared Borders
between two Regions is presented in Alg. 1. In case the two
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Regions are not neighbors, then the corresponding matrix
elements shall be equal to 0. Furthermore, the adjacency
matrix’s diagonal elements shall equal the length of the
perimeter of the perspective Region. By doing so, we ensure
that the ongoing traffic of a particular Region will be the
main factor in predicting its corresponding future state. At
the same time, the rest of the Regions will influence the
prediction results to a degree associated with the Borders
that they share with the aforementioned Region. The Shared
Borders Policy is presented in Alg. 2. Upon the construction
of the Adjacency Matrix A using the Shared Borders Policy,
normalizing the resulting values in the 0 — fo — 1 range is
required.

The main idea behind the incorporation of the Shared
Borders Policy is that by enabling only the neighboring
Regions to partake in the feature aggregation process, we
can establish a distilled version of the spatial correlations
that are inherent in topological structures. By doing so, we
are alleviating part of the complexity that would otherwise
be imposed on the forecasting model. Furthermore, by in-
corporating the aforementioned weights, we can establish a
more refined encapsulation of the spatial dependencies that
manifest.

4.3. Adjustable Hops Policy

The incorporation of a wide range of features is of
paramount importance in the context of enabling the WEST
GCN-LSTM model to conduct accurate predictions. In the
previous subsection, we showcased how the lengths of the
shared Borders can be leveraged to construct the adjacency
matrix A. In this subsection, we shall focus on showcasing
how the Speed of a Population can be leveraged to calculate
K, which refers to the number of stacked graph convolution
layers incorporated at each constructed WEST GCN-LSTM
model.

Let us consider three distinct parameters. The first one
is the time between two consecutive predictions or observa-
tions, corresponding to the selected time duration ?,,;,40.-
The second one is the average speed of a specific Population,
referred to as Speed,,. The third one is the average distance
D that has to be traversed to transit from the Center of one
Region to the Center of one of its neighboring Regions.

When the prediction process is being implemented on
the basis of a singular Population, one is able to select the
appropriate t,,;,,,,, accordingly in a manner that facilitates
the establishment of consistent observations. For instance,
if a population moves at a significantly high speed, the
chosen time between two consecutive observations can be
decreased. Unfortunately, when multiple Populations oc-
cupy a space, each one moving at a different Speed, a
problem arises since, to formulate comparative analyses
between them, it is necessary to utilize the same ?,,;,;,.
parameter across the various Populations. The WEST GCN-
LSTM model, when leveraging the aforementioned Shared
Borders Policy, receives as input only the Regional Traffic
that corresponds to neighboring Regions. In other words,
when using a conventional GCN-LSTM model, the observed

Algorithm 1 LengthOfSharedBorder Algorithm

Description: Algorithm for calculating the length of the
overlapping section between two line segments in two-
dimensional space.

Input: The endpoints of the two line segments:
(x1,¥1)-(x2,¥,) for the first line segment and
(x3,¥3), (x4, y4) for the second line segment.

Output: The length of the overlapping segment between
the two line segments.

Begin algorithm
LI x; > x5

X1, Xy = X5, X
Y1, V2 = Y2 N1
2.If x5 > x4t
X3,X4 = X4, X3
V3: Y4 = V4, )3

3. Calculate the slopes of both line segments using the

formulas: slope;, « 222 and slope, « 2223 If
Xp—X] X4—X3

slope; = slope,, then the two line segments are parallel.
If they are indeed parallel, proceed to step 4, else length =
0, and proceed to step 8.

4. If max(x;,x3) < min(x,,Xx,), then the two line
segments overlap. In that case, proceed to step 5, else
length = 0 and proceed to step 8.

5. Calculate x, and x, which are x coordinates of the end-
points of the overlapping segment, by using the following
formulas:

X, = max(xy, X3)

X, = min(x,, x4)

6. Calculate y, and y,, which are y coordinates of the end-
points of the overlapping segment, by using the following

formulas:
(xg=x1)-(3—y1)

ys = yl + Xa—X
_ (x—x3)(y4—3)
Ye= Y3+ T o

7. Calculate the length of the overlapping segment by
using the following formula:

length = \/(x, — x,)? + (, — y,)?

8. Return length.

End algorithm

Populations should be able to traverse one Region at most
during one time-step. As a result, in cases where a subset
of the Population is able to traverse multiple Regions within
a singular time step, a GCN-LSTM model that is using the
Shared Borders Policy shall lose its advantage since there
will be a potentially significant loss of information.

To mitigate this issue, we propose the Adjustable Hops
Policy. According to the paradigm of GCNs, the number of
graph convolution layers that are being deployed within a
singular model corresponds to the number of aggregation
hops that are being conducted each time the convolution
process takes place. So, in the case of one convolution layer,
only the first-degree neighbors are taken into consideration;
in the case of two convolution layers, the first and second-
degree neighbors are taken into consideration, etc.
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Algorithm 2 Shared Borders Policy Algorithm.

Algorithm 3 Adjustable Hops Policy Algorithm.

Input: The N Regions, each represented as a list of 4-
tuples. The size of each list of 4-tuples is equal to the
number of edges that a particular Region has. Each 4-
tuple corresponds to the x & y coordinates of the vertices
connected by that particular edge.

Output: The weighted Adjacency Matrix A.

Begin algorithm

1. For each pair of lists (Regions) i, j:

Initialize L < 0

For each pair of 4-tuples (edges) k, I:

N

3
4. length < LengthO f Shared Border(tuple,, tuple;)
5

. L « L+ length
6. A,j< L
7. Return A
End algorithm

The Adjustable Hops Policy commences by calculating
the average distance between the Centers of the Regions and
the identification of the Population with the lowest Speed.
The parameter ¢,,;,,4,,, i then adjusted in a manner that this
specific Population shall be capable of traversing at most one
Region during each observation time-step of duration equal
t0 ?,indow- This Population shall be used as the baseline, and
the dedicated GCN-LSTM model that corresponds to it shall
have only one GCN layer since its members shall be able to
traverse a single Region at most during each time-step. Using
the same ?,,;,4,,, Parameter, calculate how many Regions at
most each of the remaining Populations can traverse during
a single time-stem. This number of Regions is equal to the
number of GCN layers that shall be utilized for each of
the corresponding Populations, which is denoted by K. The
specifics of the Adjustable Hops Policy are presented in Alg.
3. It is worth mentioning that this policy results in the estab-
lishment of a dedicated prediction model for each distinct K
that emerges across the various populations. Furthermore, in
multi-step forecasting scenarios, like the ones that shall be
explored in the next section of this work, ?,,;,4.,, Should be
adjusted to take into account the U prediction steps that are
being considered and thus need to be multiplied by %

4.4. Component Synergy

The synergy among the components of the proposed
solution is evident in how each module complements the
others to ensure accurate spatio-temporal predictions. As
depicted in Fig. 2, the architecture begins with the spatial
representation of Regions and Populations. Regions, defined
by their Borders, form the foundation for the Shared Borders
Policy, which is responsible for constructing the weighted
Adjacency Matrix. This Adjacency Matrix reflects the spa-
tial relationships by encoding the length of shared Borders
between Regions, while self-connections are weighted based
on regional perimeters. The Adjacency Matrix is then nor-
malized and used to generate the Degree Matrix. Further-
more, the Feature Matrix is constructed using information

Input: The Speed, values, each one corresponding to one
of the P Populations. The N 2-tuples correspond to the x
& y coordinates of a Center, of a Region. The U’ value
corresponds to the number of prediction steps.

Output: The array K of size P, each element of which
corresponds to the maximum number of Regions, mem-
bers of each corresponding Population can traverse during
a singular time-step, whose duration is equal to T'.

Begin algorithm

1. Initialize T « O
2. Initialize MinSpeed < Speed,,
3. Initialize D « 0
4. For each pair of 2-tuples (Center,) k, I:
5. D =D+t~ x4 0 - )
6.D=2>
7. For each Speed value p:
8. If Speed, < MinSpeed, then: MinSpeed <«
S peed b
9.1fU" > 1 R v
10 Twindow < Smspeed 2
11. else:
D
12. twindow < Ffimsped

13. For each Speed value p:

14. K, =round (S peedy tyindow )
. b= — L

15. Return K
End algorithm

regarding the Borders, and the location of members of the
involved Populations.

The Adjacency Matrix, the Degree Matrix, and the Fea-
ture Matrix are leveraged by the WEST GCN, which ag-
gregates features from neighboring nodes through multiple
weighted stacked GCN layers. The range of this aggregation
is dynamically controlled by the Adjustable Hops Policy,
which determines the number of GCN layers. This policy
relies on Population information, such as the average speed
and the location of Population members, as well as the
Centers of the Regions and the number of prediction steps.
By adjusting the propagation range, the Adjustable Hops
Policy ensures that the spatial aggregation accounts for both
the mobility dynamics of the population and the temporal
requirements of the prediction task. As such, the Adjacency
Matrix, the Degree Matrix, the Feature Matrix, and the
number of GCN layers constitute the input of the WEST
GCN-LSTM forecasting model.

The collaboration between the Shared Borders Policy
and the Adjustable Hops Policy ensures that spatial and tem-
poral information is seamlessly integrated. The adjacency
matrix created by the Shared Borders Policy encapsulates
localized spatial dependencies, while the Adjustable Hops
Policy tailors the depth of feature aggregation to capture
broader spatial patterns as needed. These aggregated spatial
features are then fed into the LSTM decoder, which models
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Figure 2: An overview of the proposed solution. The green rectangle corresponds to the information used by the policies (purple
rectangle) in order to establish the input of the WEST GCN-LSTM forecasting model (orange rectangle).

temporal relationships over sequential graph snapshots. This
decoder processes the output of the WEST GCN and predicts
regional traffic by considering the temporal evolution of
spatial features.

The interaction between Regions and Populations also
plays a crucial role. Regional Borders define the static spatial
structure, while Populations introduce dynamic elements
such as their location and speed. Together, these factors
influence the adjacency matrix and the depth of the GCN lay-
ers, creating a feedback loop between spatial and temporal
components. This synergy allows the architecture to produce
multi-step predictions that are both spatially and temporally
informed, leveraging the complementary strengths of the
Shared Borders Policy, Adjustable Hops Policy, and the
WEST GCN-LSTM model.

5. Experimental Evaluation

This section is dedicated to evaluating the efficiency of
the proposed solution. To achieve this goal, the experimental
evaluation consists of 19 forecasting models. The forecasting
models were designed and implemented via Python 3.9.13
and Tensorflow 2.9.1. Additionally, the Hardware Backend
used for training and inference is an i5-11400 CPU and an
NVIDIA GeForce RTX 3060 GPU.

Furthermore, the experiments were conducted using a
combination of real and synthetic datasets. The synthetic
ones were constructed using the Simulation of Urban MO-
bility (SUMO) (60) framework. SUMO is a versatile traffic
simulator with the capability to handle extensive mobility
networks. It incorporates various modes of transportation,
including pedestrians, and is equipped with many tools
for generating diverse mobility scenarios. The simulator

exhibits realistic features of pedestrian mobility, such as
pedestrian-pedestrian interactions in close proximity, rea-
sonable walking speeds, and natural movement patterns.
Additionally, SUMO enables pedestrians to interact safely
by implementing features such as collision avoidance.

To maintain consistency throughout the experimental
evaluation and across the two datasets, the authors of this
work have chosen to implement the following format selec-
tions for both the experimental protocol and the parameter
choices that supported the assessment of the models. The
space that each dataset covers was divided into 6 Regions.
Each of the two datasets was split using the 80/20% ratio
for training and testing, respectively. In the context of multi-
step forecasting, 6 time-steps were considered for the input
and output sequences.

5.1. Benchmark Datasets

To gain a comprehensive understanding of the proposed
solution’s capabilities, as well as of the experimental process
that was employed to evaluate it, it is of paramount impor-
tance to delve deeper into the specifics of the datasets that
were used. These datasets are a subset of the Berlin (Cycling)
dataset and three Central Park (Pedestrian) datasets. The
pedestrian ones were generated using SUMO.

As part of our study, we conducted a simulation of
pedestrian traffic in the New York City area over seven days.
Specifically, we focused on Central Park and the adjoin-
ing urban districts, modeling different traffic patterns. The
generated dataset encompasses the movement attributes of
200, 000 — 230, 000 individuals on a daily basis, delineating
their position and velocity per second. Central Park and the
adjoining urban districts offer pedestrians the opportunity
to take breaks and explore the different attractions or smart
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city features available to them, as well as to temporarily
pause at points of interest such as interactive public art in-
stallations, historical landmarks, or food trucks and markets.
Additionally, given the park’s function as a sports venue,
the simulation incorporates variable pedestrian speeds that
simulate jogging or running. The distribution of speeds
aims to realistically capture the motility characteristics of
pedestrians based on factors such as age, type of activity,
and geospatial context. The ¢,,;,,4,,, for this dataset is equal
to 5 minutes. This dataset is referred to as Central Park.

Furthermore, the experimental evaluation process in-
cludes two additional datasets: Central Park (Low) and
Central Park (High). These two datasets are derived from
the Central Park dataset by categorizing the moving entities
based on their Speed. More specifically, Central Park (Low)
consists of moving entities that can traverse at most one
Region during a single time-step (K = 1). In contrast, the
Central Park (High) dataset consists of moving entities that
can traverse at most two Regions during a single time-step
(K = 2). In other words, the aforementioned Central Park
dataset is the amalgamation of the Central Park (Low) and
Central Park (High) datasets. It is worth mentioning that
these two datasets contain a similar total number of recorded
moving entities (Central Park (High) contains about 4%
more moving entities compared to Central Park (Low)).

The Berlin Cycling Dataset (https://www.kaggle.com/
datasets/phisinger/bike-counting-berlin), procured by the
Berlin administration in Berlin city, Germany, provides a
comprehensive understanding of the long-term develop-
ments in bicycle traffic, including trends and seasonal fluc-
tuations, through the use of Automatic Permanent Counting
Points (APCPs). The dataset includes 9 years of bicycle
traffic counts (2012-2020) collected using induction loops
and sensors at APCPs. Bicycles passing over the detection
cross-sections of the counting points are counted as they
cause changes in the induced electromagnetic field, which
are subsequently analyzed by the sensor and recorded as
counting pulses. For roads with separate bicycle traffic
guidance in each direction of travel, one counting station
is established for each direction of travel. In contrast, for
cross-sections with shared bicycle traffic guidance in both
directions of travel, one counting station is installed for
both directions of travel. The continuous counting process
identifies bicycles based on specific geometries detected by
the sensors, while other vehicles are filtered out. The ¢
for this dataset equals 1 hour.

To ensure a rigorous and diverse assessment of the pro-
posed solution, the experimental evaluation process deliber-
ately incorporates these datasets to account for varying con-
ditions. By using datasets with distinct characteristics—such
as the Central Park datasets, which simulate high-resolution
pedestrian dynamics with 5-minute temporal intervals, and
the Berlin Cycling dataset, which captures broader, long-
term trends with 1-hour time steps—the evaluation spans a
wide range of temporal and spatial complexities. These vari-
ations in dataset conditions, including differences in popula-
tion movement speeds, regional sizes, and traffic patterns,

window

help validate the adaptability and robustness of the solution.
The Central Park datasets, with their detailed modeling
of pedestrian behaviors, contrast sharply with the Berlin
dataset’s aggregated cycling data, emphasizing the proposed
solution’s capability to handle scenarios of differing gran-
ularities and modalities. This comprehensive approach en-
sures that the evaluation not only reflects real-world appli-
cability but also rigorously tests the solution under diverse
and challenging scenarios.

5.2. Region Construction

The datasets mentioned above can be leveraged to pro-
vide information regarding the Regions and the correspond-
ing Regional Traffic that manifests during each time-step.
Regarding Regional Traffic, both datasets enable direct ac-
cess to the numerous recorded geolocation points throughout
the simulation. However, choosing an appropriate parti-
tioning approach is contingent upon the specific context
and challenges encountered. While these datasets provide
valuable information regarding numerous recorded geolo-
cation points throughout the examined periods, they do not
incorporate any notion of distinct spatial Regions. Thus, we
had to construct the required Regions using the following
approach. More specifically, we applied a k-means clustering
algorithm to the various geolocation points in each training
dataset. The k variable that corresponds to the k-means
clustering algorithm was selected to be equal to N = 6. The
coordinates of the created centroids were selected to serve
as the corresponding Centers of the N Regions. Finally,
dedicated Voronoi diagrams were created for each dataset
using these N Centers. The representation of the Voronoi
diagram, for a set of n points P = {(x;, y;)}, is achieved by
using the following data structures:

e A list V' of Voronoi regions, where each region is
associated with one of the input points.

e A list E of Voronoi edges that define the boundaries
between regions.

To calculate each Voronoi cell, one needs to find the
bisectors between point (x;, ;) and all other points in P, and
then to clip the edges to the bounding box. Then, to merge
any overlapping edges in E to form the complete Voronoi
diagram. This approach enables the examined Regions to
encompass diverse geographic areas, exhibit varying popu-
lation densities, and feature distinct mobility patterns, while
maintaining a constant size throughout the experimentation
process. On top of that, the selection of datasets encom-
passes two distinct urban mobility scenarios (pedestrian and
cycling), with the aim of embracing a broader spectrum
of urban applications and assessing the models’ capacity
and generalization power across various vector input spaces
that exhibit diverse statistical properties and characteristics.
These properties and characteristics include different tempo-
ral granularities in the context of the chosen ¢,;,,4,,,- the size
of the Regions, the trend, seasonality, and volume of regional
traffic. For instance, Fig. 3 presents a comprehensive and
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Figure 3: Densities of the regional traffic volumes that correspond to the (1) Berlin, (2) Central Park, (3) Central Park (Low),
and (4) Central Park (High) datasets. Each of the 6 Regions is assigned a different color.

nuanced portrayal of the different densities of the regional
traffic volume that corresponds to each examined dataset
using normalized Kernel Density Estimate (KDE) plots.
KDE plots are a method for visualizing the distribution of
observations in a dataset by representing the data using a
continuous probability density curve in a given number of
dimensions. As the figure indicates, there is a significant
diversity in regional traffic volume distribution across the
various datasets and underlying Regions. This type of di-
versity of experimental conditions is vital in evaluating the
efficiency of the proposed solution in a robust manner.

5.3. Assumptions, Limitations, and Potential
Biases

To ensure a thorough and transparent evaluation of our
proposed solution, it is crucial to acknowledge the assump-
tions, limitations, and potential biases that may influence
the results. In the Berlin Cycling dataset, the population
count is derived from APCPs using induction loops and
sensors. While these provide an estimation of the number of
cyclists in each zone, the actual number of individuals may
differ due to potential inaccuracies in detection. Factors such
as sensor malfunctions, environmental interference, and the
inability to differentiate between closely spaced bicycles can
introduce variability in the recorded counts.

The model assumes that the time required for an indi-
vidual to traverse from one region to its neighboring region

is directly proportional to the distance between the centers
of the respective regions. This assumption simplifies mo-
bility dynamics but may not accurately capture variations
in actual movement patterns influenced by factors such as
traffic congestion, pedestrian density, and terrain variations.
Additionally, the calculation of the weighted adjacency ma-
trix A relies on the Shared Borders Policy, which considers
the direct spatial connectivity between regions. However, the
model does not explicitly account for real-world obstacles
such as buildings, traffic lights, and restricted access areas
that could influence movement pathways. As a result, the
adjacency representation may not fully reflect real-world
navigation constraints, potentially impacting the accuracy of
trajectory predictions.

The pedestrian datasets utilized in this study are gen-
erated using the SUMO framework. Although SUMO is a
robust traffic simulator capable of modeling diverse mo-
bility scenarios, it remains a synthetic representation of
reality. The simulation parameters, such as pedestrian speed
distributions, interaction mechanisms, and environmental
settings, are approximations that may not precisely replicate
real-world behaviors. Moreover, biases in the simulation set-
tings, including assumptions regarding pedestrian decision-
making and movement preferences, could introduce system-
atic variations in the dataset.
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By recognizing these assumptions and limitations, we
aim to provide a balanced and objective assessment of our
proposed solution.

5.4. Benchmark Models

Although ED architectures, when leveraged for multi-
step regional traffic forecasting in a single region, manage
to outperform their competitors, the situation shifts dramati-
cally when exploring multiple regions simultaneously in a
multi-step fashion, as the complexity of input and output
sequences increases significantly. In such multi-regional sce-
narios, ED architectures appear to lose their distinct compet-
itive edge compared to other methods, such as those based
on Linear Regression (LR) (37) and Machine Learning
(ML) (38), depending on the specific characteristics of the
dynamic systems arising from the corresponding regional
traffic conditions. The sharp rise in input-output complexity
seems to create a performance plateau that unevenly impacts
different forecasting approaches. As such, toward evaluating
the efficiency of the proposed solution, on top of the afore-
mentioned diversity of experimental conditions (in terms of
complexity and system characteristics), we have included a
diverse ensemble of peer competitors that are based on the
LR, ML, and ED paradigms. By following this approach, we
are able to not only evaluate the efficiency of the proposed
solution against other state-of-the-art ED architectures but
also against numerous notable LR and ML architectures
in order to guarantee that the superiority of the proposed
solution is established across a wide range of experimental
conditions.

In terms of LR models, we have included LASSO (61),
Ridge (62), Elastic Net (63), Lasso Lars (64). LASSO (Least
Absolute Shrinkage and Selection Operator) applies L1 reg-
ularization, enforcing sparsity by shrinking some regression
coefficients to zero, effectively selecting only the most rele-
vant features. Ridge regression, in contrast, utilizes L2 regu-
larization to penalize large coefficients, reducing overfitting
and mitigating multicollinearity. Elastic Net combines L1
and L2 penalties, offering a balance between feature selec-
tion and coefficient shrinkage, making it particularly useful
when dealing with highly correlated predictors. Lasso Lars
efficiently computes LASSO solutions by incrementally up-
dating coefficients, making it computationally advantageous
for high-dimensional data.

In terms of ML models, we have included KNN (65),
Decision Trees (66), Tree Regression (67), Bagged Decision
Trees (68), Random Forest (69), Extra Trees Regressor
(70)). Nearest Neighbors (KNN) is a non-parametric model
that predicts outputs by averaging the k-nearest training
instances in feature space, making it highly dependent on
the choice of k and the distance metric used (65). Decision
trees build hierarchical structures by recursively partitioning
data based on feature thresholds, offering an interpretable yet
often overfitting-prone model. Tree regression, a specialized
form of decision trees for continuous outputs, divides the
feature space into homogeneous regions to improve pre-
dictive accuracy. To enhance the robustness of decision

trees, bagged decision trees employ bootstrap aggregation
(bagging), training multiple trees on different subsets of
data and averaging their predictions to reduce variance and
improve generalization. Random Forest, an extension of
bagging, further diversifies tree predictions by selecting
random subsets of features at each split, enhancing model
stability and accuracy. Extra Trees Regressor, similar to
Random Forest, introduces additional randomness in feature
selection and split threshold determination, further reducing
variance and improving model robustness, particularly in
high-dimensional spaces.

In terms of ED models, we have included the LSTM
ED (32), the BD-LSTM ED (33), the CNN-LSTM (34),
the Hybrid LSTM ED (35), and the Hybrid LSTM ATT
ED (36). LSTM ED is a sequence-to-sequence architecture
that leverages LSTMs units for both encoding and decoding
time-series data. The encoder processes an input sequence
over time and compresses it into a fixed-size context vector,
which serves as an internal representation of the sequence.
The decoder then utilizes this context vector to generate
an output sequence, predicting future time steps based on
the learned patterns. This model is particularly effective
in capturing long-range dependencies, making it useful for
time-series forecasting and sequence modeling tasks. Bidi-
rectional LSTM ED extends the standard LSTM ED by
incorporating Bidirectional LSTM layers in the encoder, al-
lowing the model to process input sequences in both forward
and backward directions. This bidirectional structure enables
the encoder to capture both past and future dependencies
simultaneously, leading to a richer internal representation.
The decoder, typically composed of unidirectional LSTM
units, then generates the predicted sequence using this en-
hanced context vector. By leveraging information from both
temporal directions, the Bidirectional LSTM ED improves
accuracy in capturing complex sequential patterns and de-
pendencies. CNN-LSTM ED combines CNNs for feature
extraction with LSTMs for sequence modeling. Since CNNs
are effective at automatic feature learning, this model applies
1D convolution layers to capture spatial dependencies in
the input sequence, followed by max-pooling to condense
relevant features. The extracted features are then processed
by LSTM layers to capture temporal dependencies, allow-
ing the model to learn both spatial and sequential patterns
efficiently. Hybrid LSTM ED integrates bidirectional and
unidirectional LSTM layers to capture richer temporal de-
pendencies. The encoder consists of a bidirectional LSTM
followed by a unidirectional LSTM, allowing the model to
leverage both past and future information at each time step.
The decoder mirrors this structure, enhancing the ability to
reconstruct the underlying temporal motifs from the encoded
representation and improving sequence-to-sequence predic-
tion performance. Hybrid LSTM Attention ED extends the
Hybrid LSTM model by incorporating self-attention layers
in both the encoder and decoder. The encoder first applies
a bidirectional LSTM, followed by an attention mechanism
that enhances important temporal features before passing
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them to a unidirectional LSTM. Similarly, the decoder uti-
lizes an attention layer to refine the output sequence, ensur-
ing that significant temporal dependencies are emphasized,
thereby improving predictive accuracy and interpretability.

Furthermore, the benchmark models ensemble includes
the three variations of the GCN-LSTM model used in re-
gional traffic forecasting. These variations were constructed
based on the aforementioned categorization of related works
on regional traffic forecasting using spatio-temporal GNNs
based on their corresponding spatial and temporal aspects,
presented in Table 1. The first one constructs the adjacency
matrices based on the distance between the nodes of the
graph (GCN-LSTM (centers)), the second one creates the
adjacency matrices based on traffic pattern similarity ma-
trices (GCN-LSTM (traffic)), and the third one establishes
binary adjacency matrices based on whether or not the
involved nodes are neighboring (GCN-LSTM (binary)). The
latter of these variations also serves as part of an ablation
study that investigates the performance of the proposed
solution by removing certain components to understand the
component’s contribution to the overall system. As stated
before, alongside the rest of the peer competitors, the pro-
posed WEST GCN-LSTM is also tested against a GCN-
LSTM model that uses binary graph convolution based on
whether or not the examined Regions are neighboring. Fur-
thermore, aside from the fully implemented WEST GCN-
LSTM that leverages both proposed policies, we also explore
a version of the WEST GCN-LSTM denoted as WE GCN-
LSTM that solely relies on the Shared Borders Policy. The
WE GCN-LSTM is suitable for Regional Traffic forecasting
scenarios that do not incorporate the velocities of the various
Populations, such as the Berlin dataset. Aside from the
aforementioned dataset, we also considered a version of the
Central Park dataset that does not include the velocities of
the Populations. This ablation study serves as the third and
final pillar that guarantees the robustness of the experimental
evaluation process. Following the aforementioned ablation
study, the experiments are designed to evaluate the effi-
ciency of the proposed solution in two distinct contexts: one
that leverages both of the proposed policies (WEST GCN-
LSTM) and one that uses only the Shared Borders Policy
(WE GCN-LSTM).

The implementation of all RL & ML models was per-
formed using scikit-learn. The implementation of all ED
models was performed using the corresponding scientific lit-
erature as a reference. The hyper-parameters of all examined
forecasting models were set using contemporary tools such
as KerasTuner. More specifically, for LASSO, Ridge, Elastic
Net, and Lasso Lars, we optimized alpha (regularization
strength), the L1 ratio (for Elastic Net), the fit intercept, and
the solver. For KNN we optimized the number of neighbors,
the distance metric, and the weight function. For Decision
Trees, Tree Regression, Bagged Decision Trees, Random
Forest, and Extra Trees Regressor, we optimized the max
depth, the min samples split, the min samples leaf, the max
features, and the criterion. Finally, for the ED models, we

optimized the number of LSTM units, the dropout rate, the
learning rate, and the batch size.

5.5. Evaluation Metrics

The proposed model’s performance is assessed using
Mean Absolute Error (MAE), Mean Squared Error (MSE),
and Root Mean Squared Error (RMSE) as evaluation met-
rics. These metrics are suitable for evaluating predictions of
continuous numbers.

MAE measures the average magnitude of errors in a set
of predictions as it is given in Eq. 13 where y; are the ground
truth values and y; are the predictions. At the same time,
n is used to denote the total number of predictions in the
evaluated/given set.

n
1 .
MAE =~ %y, = 5| (13)
i=1

MSE is a commonly used metric for evaluating the
average squared difference between observed values and
predicted values in regression problems and is given in Eq.
14.

n
1 N
MSE =% (i -5) (14)
i=1

Finally, RMSE is the squared version of MSE; it is used
as a measure for the standard deviation of the prediction
errors, and it is given in Eq. 15.

RMSE = (15)

Combining MAE, MSE, and RMSE provides a more
comprehensive evaluation of a predictive model. Each met-
ric captures different aspects of the model’s performance,
and using all three can offer a more nuanced understanding.
MAE measures the average absolute errors. MSE measures
the average squared errors, giving more weight to larger
errors. RMSE is the square root of MSE, providing an inter-
pretable metric in the same unit as the data. The lower these
metrics are, the more efficient the corresponding forecasting
model is.

5.6. Experimental Results

The evaluation process is conducted as a comparative
analysis against peer competitors. More specifically, Table
3 displays the results of the WE GCN-LSTM model, com-
pared against the various peer competitors in terms of MSE,
RMSE, and MAE. These results correspond to the Berlin
dataset and Central Park dataset. The various forecasting
models were trained and hyper-tuned independently for each
of these datasets. The displayed MSE, RMSE, and MAE
values represent the average results (corresponding to the 6
prediction time-steps and Regions) for each combination of
forecasting models and datasets.
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Table 3

Experimental results for the use of the Shared Borders Policy (WE GCN-LSTM).
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Model Berlin Central Park
MSE RMSE MAE MSE RMSE MAE
LASSO 6813.74 82576  55.856  28521.76 168.795 84.334
Ridge 6814.95 82.579 55.862 28550.85 168.974  84.462
Elastic Net 6813.86 82576  55.855 28538.94 168.857  84.362
Lasso Lars 13969.78 118.304 91.777 19989.29  141.357  60.033
KNN 3040.22 55.111  33.134 148802.20 385.707 192.281
Decision Tree 5827.81 76.231 44214 140607.77 375.077 181.793
Tree Regression 6746.09 82.151  47.549 143243.34 378.228 185.868
Bagged Decision Trees  3062.17 55.336  34.217 16767.66  409.477 194.014
Random Forest Reg 2742.04 52.215  34.337 198535.42 446.687 202.097
Extra Trees Regressor 2934.09 54.107 35.935 206976.72 454.603 183.070
LSTM ED 3678.18 60.565  42.507 145619.28 381.796 158.338
BD-LSTM ED 2802.66 52.886  36.302 169972.55 412.567 199.281
CNN-LSTM 3243.21 56.903 36.566 127684.06 355.516 123.458
Hybrid LSTM ED 5063.64 71.291  49.423  49496.91 221.573 158.938
Hybrid LSTM ATT ED  5872.85 76.589 51.105 59756.66  244.397 169.515
GCN-LSTM (traffic) 2515.62 50.156  31.744  14717.40 121.342  46.102
GCN-LSTM (centers) 2914.56 53.969 33.730 21114.36 145.459  56.010
GCN-LSTM (binary) 2332.97 48.263  30.354 16376.95 127.857  49.175
WE GCN-LSTM (ours) 1989.07 44.599 26.639 11718.71 108.253 42.594
Table 4
Experimental results for using both policies (WEST GCN-LSTM).
Central Park
Model Low High
MSE RMSE MAE MSE RMSE MAE

LASSO 1957.84 44275 27.170 38499.57 196.233  87.155
Ridge 1956.19 44.318 27.219 38694.22 196.735  87.312
Elastic Net 1956.68 44.280 27.187 38545.71 196.424  87.243
Lasso Lars 2288.14 47.848 34.168 32977.04 181.691  68.060
KNN 5153.61 71.738 47.242 211533.68 460.262 157.145
Decision Tree 7798.36 88.195 52.955 220273.80 468.947 171.820
Tree Regression 7892.61 88.865 55.491 205569.80 453.318 159.357
Bagged Decision Trees 4199.69 64.813 41.567 215214.93 464.097 168.351
Random Forest Reg 3947.21 62900 39.293 216241.91 464.933 167.393
Extra Trees Regressor 3393.43 58.297 35.494 180371.66 424.022 152.694
LSTM ED 1401.66 37.422 27564 63112.45 251.224 146.177
BD-LSTM ED 1440.24 37943 27.442 57015.36 238.590 138.722
CNN-LSTM 1264.56 35.571 25.222  47348.78 217.745 122.168
Hybrid LSTM ED 1637.35 40.471 31594 70813.06 266.018 165.205
Hybrid LSTM ATT ED 1705.97 41.316 31.202 93655.52  305.773 180.976
GCN-LSTM (traffic) 1105.94 33.224 27.186 17656.01 132.887 57.776
GCN-LSTM (centers) 1426.83 37.783 28.987 23634.92 153.532 73.110
GCN-LSTM (binary) 1179.33 34.320 27917 20463.79 142.843  63.485
WEST GCN-LSTM (ours) 802.87 28.335 22.861 12106.60 110.030 47.904

Furthermore, Table 4 displays the results of the WEST
GCN-LSTM model, compared against the various peer com-
petitors in terms of MSE, RMSE, and MAE. These results
correspond to the Central Park (Low) & (High) datasets.

5.7. Discussion

Before we proceed to analyze the experimental results, it
is of paramount importance to delve deeper into the intrica-
cies of each dataset. As depicted in Fig. 3, the regional traffic

volume of the Berlin dataset is slightly larger compared to
Central Park (Low). Furthermore, the volume of regional
traffic of the Central Park and Central Park (High) datasets is
quite similar. At the same time, both of them are significantly
larger compared to the Regional Traffic (Low) dataset. This
is because, in the context of the conducted experiments, fast-
moving entities tend to emerge in a rather aperiodic manner,
thus creating sudden bursts in the volume of regional traffic,
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contrary to slower-moving entities closely associated with
periodic phenomena. Across all four datasets, a couple of
regions monopolize the larger regional traffic volume values.
However, in the case of the Central Park and the Central Park
(High) datasets, we witness that four regions are associated
with quite large volumes of regional traffic. In the context of
their corresponding traffic, this inequality among Regions
constitutes one of the most significant challenges that the
various forecasting models have to overcome. More specif-
ically, in the frame of the conducted experiments, we came
across two types of regional traffic inequality, which are
referred to as major inequality that corresponds to the Berlin
and the Central Park (Low) datasets and minor inequality
that corresponds to the Central Park and the Central Park
(High) datasets. The manifestation of each type of regional
traffic inequality highly depends on the moving speed of the
various entities.

The experimental results indicate a plethora of inter-
esting insights that are worth exploring. Let us begin our
exploratory analysis by not considering the forecasting mod-
els based on the GCN-LSTM paradigm. When doing so,
we see that for the Berlin dataset ML and ED solutions
manage to perform the best, for the Central Park and Central
Park (High) datasets LR solutions manage to outperform
their competitors, and for the Central Park (Low) dataset
ED solutions achieve the best scores. In other words, the
more advanced ED solutions are better equipped to handle
scenarios of major regional traffic inequality. In contrast, the
quite simplistic LR solutions outperform their competitors
in scenarios characterized by minor regional traffic inequal-
ity. This is because LR models are less sensitive to input
fluctuations, and as such, they tend to converge to non-
optimal solutions. Thus, in the case of minor regional traffic
inequality, the extent to which they take into account the
couple of Regions that monopolize traffic volume does not
significantly alter the basis upon which they conduct their
predictions and consequently produce superior results.

When we include forecasting models based on the GCN-
LSTM paradigm, we see that these models either outperform
or perform very closely to the best of their competitors
across all examined datasets. This showcases the fact that
the information filtering process, intertwined with graph
convolution, can mitigate the rather negative impact that
regional traffic inequalities have on the various forecasting
models. However, the relative performance of each of these
models, when compared to its peers, is closely associated
with the reasoning behind each information distillation pro-
cess and the characteristics of each dataset. The GCN-
LSTM (centers) model’s performance highly depends on the
region’s topology and the assumption that the optimal way
to represent the relationship between two regions is by their
proximity to each other. Since, in our experiments, we did
not consider homogeneously shaped Regions, this approach
produced the worst results in terms of prediction accuracy
compared to its peers. Nevertheless, it produced results sim-
ilar to the best LR, ML, and ED models. On the contrary, the
performance of the GCN-LSTM (traffic) model depends on

the traffic correlations among the various Regions. Real data
exhibit a wide range of statistical properties within entity
motion patterns. Consequently, the traffic-based relations
among Regions that the GCN-LSTM (traffic) is designed to
exploit are more complex and harder to encapsulate in the
case of real data. As a result, the GCN-LSTM (traffic) model
managed to produce good results in the case of the Central
Park, Central Park (Low), and Central Park (High) datasets,
while it performed less optimally in the case of the Berlin
dataset. Last but not least, the GCN-LSTM (binary) model
managed to perform, relatively to its peers, in the most con-
sistent manner across all datasets. It outperformed the GCN-
LSTM (centers) model across all datasets and the GCN-
LSTM (centers) in the case of the Berlin dataset. This serves
as a quite significant indication that the choice to construct
the adjacency matrices based on the neighboring status of
the various Regions is a robust approach that manages to
provide satisfying results, regardless of the characteristics
of each examined dataset.

As stated before, the proposed solution is an attempt
at refining the aforementioned neighbor-based approach.
So, let us examine the performance of the proposed solu-
tion using Fig. 4. Fig. 4 displays the performance of the
proposed solution, of the best LR, ML, ED, and GCN-
LSTM solutions, as well as of the GCN-LSTM (binary)
model, in a comparative manner that is based on the use
of normalized RMSE values. The same process was also
performed for the MSE and the MAE results, and despite
some minor differences, the overall conclusions remained
the same. Thus, we decided not to include them as part of
this discussion. The proposed solution clearly outperformed
all of its competitors across all examined datasets. More
specifically, for the Berlin dataset, the proposed solution
outperformed the best LR model by 46%, the best ML model
by 15%, the best ED model by 15%, and the best GCN-
LSTM model by 8%. Furthermore, for the Central Park
dataset, the proposed solution outperformed the best LR
model by 23%, the best ML model by 71%, the best ED
model by 51%, and the best GCN-LSTM model by 10%.
For the Central Park (Low) dataset, the proposed solution
outperformed the best LR model by 36%, the best ML model
by 51%, the best ED model by 20%, and the best GCN-
LSTM model by 15%. Finally, for the Central Park (High)
dataset, the proposed solution outperformed the best LR
model by 39%, the best ML model by 73%, the best ED
model by 49%, and the best GCN-LSTM model by 16%.

The aforementioned experimental results indicate that
the proposed solution can outperform its competitors by a
quite significant margin, in a consistent manner, across all
examined datasets. However, it is paramount to also examine
the proposed solution in a manner aligned with the ablation
study paradigm to showcase the effect of each part of the
proposed solution on its overall performance. The proposed
solution outperformed the GCN-LSTM (binary) model by
8% for the Berlin dataset, by 14% for the Central Park
dataset, by 17% for the Central Park (Low) dataset, and
by 22% for the Central Park (High) dataset. As mentioned
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Figure 4: Normalized RMSE values that correspond to the
proposed solution (ours), to GCN-LSTM (binary), as well as
to the best LR, ML, ED, and GCN-LSTM solutions.

earlier, the Berlin and Central Park datasets were used to test
a version of the proposed solution that uses only the Shared
Borders Policy (WE GCN-LSTM). Thus, the fact that the
proposed solution that leverages both policies (WEST GCN-
LSTM) outperformed the GCN-LSTM (binary) by a greater
margin when compared to the margin by which WE GCN-
LSTM surpassed GCN-LSTM (binary), showcases that the
fully implemented proposed solution that uses both policies
is more efficient. The same principle applies when compar-
ing the proposed solution against its competitors. The WE
GCN-LSTM outperformed the second-best model by 8% for
the Berlin dataset and by 10% for the Central Park dataset.
In contrast, the WEST GCN-LSTM model outperformed
the second-best model by 15% for the Central Park (Low)
dataset, and by 16% for the Central Park (High) dataset.
Since the Central Park dataset is the amalgamation of the
Central Park (Low) and the Central Park (High) datasets,
experimental consistency, in regards to the comparison be-
tween the WE GCN-LSTM and the WEST GCN-LSTM
models, is achieved via the use of combinations of datasets
that entail identical regional traffic characteristics, as well as
across datasets that exhibit different types of regional and
traffic-based characteristics.

6. Conclusions and Future Research

This work aims to introduce an advanced prediction
model aimed at enhancing the accuracy of regional traffic
forecasting through the refinement and fusion of informa-
tion. Towards achieving this goal, we extend spatio-temporal
graph neural networks in alignment with the regional traf-
fic forecasting paradigm. Our approach proposes a novel
architecture for spatio-temporal graph neural networks for
regional traffic forecasting, incorporating weighted stacked
graph convolutions. Implementing weighted stacked convo-
lutions necessitates the calculation of a weighted adjacency
matrix (denoted as A) and determining the number of graph
convolution layers (denoted as K). To address this, we intro-
duce two novel algorithms that utilize information about the
speed of the populations and the topography of the regions
they traverse to compute the adjacency matrix and K. In
the context of this work, these policies are referred to as

the Shared Borders Policy and the Adjustable Hops Policy.
This implementation design enables the proposed solution
to encapsulate the spatial and temporal characteristics in-
tertwined with regional traffic forecasting in an optimal and
more refined manner.

To evaluate the efficiency of the proposed solution, we
conducted numerous experiments. The proposed solution
significantly outperformed its competitors in the frame of an
experimental evaluation consisting of 19 forecasting models
across all examined datasets. This is because the proposed
solution manages to simultaneously encapsulate both tempo-
ral and spatial aspects of regional traffic forecasting through
information fusion. Furthermore, through information dis-
tillation, the proposed solution is also capable of mitigating
the dire ramifications of regional traffic inequality. Finally,
an additional ablation study concluded that each one of the
three parts of the proposed solution serves to boost the
performance of the proposed solution.

In terms of future research, there are various directions
to potentially enhance the performance of the proposed so-
lution even further. One of these directions derives from the
fact that the experimental evaluation process did not account
for various obstacles that may affect the resulting weighted
Adjacency Matrix A calculated based on the Shared Borders
Policy. Thus, a more refined version of Alg. | that considers
such obstacles could result in a more efficient prediction
model. Furthermore, it is worth examining the use of hybrid
approaches for constructing the weighted Adjacency Matrix
A. These hybrid approaches could stem from combining
several methodologies already examined in the frame of the
corresponding scientific literature and the proposed solution.
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