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ARTICLE INFO ABSTRACT

These days, a wide range of applications and electrical gadgets employ machine
learning techniques to solve issues and forecast future conditions. Since there are so
Revised: 10 Feb 2025 many cars on the road and traffic congestion is readily caused by them, one of the

problems that most large cities face is traffic jams. Although traffic congestion are bad
Accepted: 28 Feb 2025 for the environment, their effects may be reduced with careful planning. Because it
may prevent traffic congestion by using its predictive knowledge, one of the most
intriguing topics for intelligent transportation systems is traffic prediction. It is quite
difficult for academics to develop or use a model that will function properly in various
conditions when it comes to traffic prediction. One of the most important aspects of
traffic prediction is capturing both geographical and temporal connections. Taking use
of model combinations is one approach to capturing both dependencies. the model
combine three layer the graph convolution network and the long short term memory .
Graph convolutional network is used by the model to learn the spatial dependency
based on road network architecture, and long short term memory are used to learn the
short-time trend in time series. To further increase prediction accuracy, the attention
mechanism was included to modify the weight assigned to various time points and
compile global temporal information.

Received: 18 Dec 2024

Keywords: traffic forecasting, temporal graph convolutional network, spatial
dependence, temporal dependence.

1-INTRODUCTION

Traffic forecasting is a crucial element of traffic control, transportation planning and management,
and intelligent transportation systems ['> 15-171 . Complex spatiotemporal relationships have made
accurate real-time traffic forecasting extremely difficult. Periodicity and propensity are signs of
temporal dependency, which is the idea that the status of the traffic varies over time. Due to the
transfer of upstream traffic state to downstream portions and the retroactive effects of downstream
traffic state on the upstream section, changes in traffic state are subject to the structural topology of
road networks, a phenomenon known as spatial dependencelt°l.

Therefore, achieving the traffic forecasting assignment requires taking into account the topological
properties of the road network as well as its complicated temporal features. There are two types of
traffic forecasting models now in use: parametric and non-parametric. Historical averages, time series
[1, 141 linear regression models [27]; and Kalman filtering models [23] are examples of common
parametric models. Traditional parametric models rely on the stationary hypothesis even if they make
use of straightforward techniques. These models are unable to account for the nonlinearity and
unpredictability of traffic conditions or to mitigate the impact of unforeseen circumstances like traffic
accidents. When given sufficient historical data, non-parametric models may automatically learn the
statistical laws of data, which enables them to effectively address these issues. K-nearest [2], support
vector regression (SVR) [t 301 fuzzy logic [34], Bayesian network [28], and neural network models are
examples of common non-parametric models.
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Because deep learning is developing so quickly, deep neural network models have recently drawn a
lot of interest from academics [22 261, Because they can employ self-circulation mechanism and
simulate temporal dependency, (RNNs), long short-term memory (LSTM) (3] and gated recurrent
units (GRUs) 71 have been effectively used in traffic forecasting [20. 25]. Nevertheless, these models
ignore spatial dependency and solely take into account the temporal change of traffic status.
Convolutional neural networks (CNNs) have been incorporated by several researchers into their
models in order to effectively quantify spatial dependency.

Wu et al. 31 combined an LSTM with a CNN to create a feature fusion framework for short-term
traffic flow forecasting. Using two LSTMs, the framework investigated the short-term fluctuations and
periodicity of traffic flow while capturing the spatial properties of the flow through a one-dimensional
CNN. Cao and associates. [6] presented an end-to-end model known as ITRCN, which used a CNN to
collect network flows and convert interactive network traffic to pictures.

GRU was also used by ITRCN to extract temporal characteristics. An investigation demonstrated
that this method's predicting error was 14.3% and 13.0% greater than those of GRU and CNN,
respectively. Yu et al. [3¢] used LSTM and DCNN, respectively, to capture temporal dynamics and
spatial correlation.

Additionally, they demonstrated the advantages of SRCN through an analysis of Beijing traffic
network data. Even if CNN is useful for Euclidean datal], such images and grids, it is still limited
when used to traffic networks since these networks have non-Euclidean architecture.

Graph convolutional network (GCN) has emerged in recent years [18], It has advanced quickly and is
able to get over the aforementioned constraints while capturing the structural features of networks [19:
35.37. Furthermore, RNNs and its variations employ sequential processing across time and are better
able to retain the most recent data, making them appropriate for capturing changing short-term
patterns. As though The proximity of time alone cannot discern the relative value of distinct time
points. For this reason, above design the model for traffic forecasting. the model combine of the three
layer of GCN and connected to LSTM.

2-RELATED WORK

It has been demonstrated that intelligent transport systems (ITS) maximize traffic flow, safety,

and overall transportation efficiency. Precise traffic flow forecasting is one of the issues that ITS faces
[29],

Among the methods that have been investigated to address this traffic flow forecasting issue,
statistical models are a frequently employed option. Utilizing past traffic data, the statistical models
identify patterns and trends that may be applied to forecasting.

The autoregressive integrated moving average (ARIMA) statistical model is predicated on the idea
that there exists a robust pattern in the historical data pertaining to traffic [4l. Due to the dynamic
nature of urban areas, traffic patterns constantly change over time and diverge from past traffic norms.
Traditional machine learning approaches are also employed to anticipate traffic flow, and ML models
have an advantage than statistic models in that they can handle more complicated patterns and
considerably bigger data sets for analysis. Support vector regression (SVR) [26] and k-nearest
neighbors (KNN) [27] are the popular models.

Machine learning models may take into account variables like the time of day, the local site of interest,
and the weather [30l. Since deep learning has advanced, deep learning models have outperformed
standard machine learning [31. Two deep learning models that are often utilized in traffic flow
forecasting are the gated recurrent unit (GRU) and long-short term memory (LSTM) [26]. However, the
issue with all of the aforementioned models is that they ignore the spatial characteristics of traffic data,
which prevents them from having a strong understanding of the nearby roadways. In addition to the
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previously discussed methods, typical machine learning and deep learning models are unable to
handle graph-structured data because neighboring roads have an impact on the following road [211.

3-METHODOLOGY LSTM3GCN MODEL
3.1- Definition of problems

In this study, traffic forecasting is done on urban highways to estimate future traffic conditions
based on past traffic conditions. Traffic flow, speed, and density are all considered to be part of the
traffic condition. The only definition of "traffic state" in this study is "traffic speed."

Definition 1 of a road network G: The set of road sections is denoted by G = (V, E) ,where V =
(Vi,Vay ceenee , Vn), and the number of road sections is indicated by N. This represents the topological
structure of the urban road network. The edges, or set E, represent the links between the various
portions of the route. The adjacent matrix A € RNNcontains all of the connectivity data. Road sections
index the rows and columns, and each entry's value represents the connection between relate
road d The whole connectivity data is kept in the adjacent matrix A € RN.N, where road sections serve
as the index for rows and columns. Each entry's value represents the connection between related road
sections. In the event that there isn't a road link, the entry value is 0 (an unweighted graph) or non-
negative (a weighted graph).

Definition 2. by calculating a sequence representation from its adjacency matrix, enhances the traffic
flow forecast. In particular, traffic prediction can benefit from the application of self-attention to
represent the temporal interdependence of traffic patterns over extended periods of time. In traffic
prediction jobs, this is useful since historical traffic patterns have a significant influence on future
traffic circumstances. With the application of a self-attention mechanism, deep learning models are
able to assess the relative relevance of various input sequence segments [48]. Each input sequence must
have three sets of vectors computed for the self-attention mechanism to function: query, key, and
value vectors. The proper amount of attention that the model should assign is determined by the
weights given to each element in the sequence. In this approach, we use a scaled dot-product self-
attention with the linear transformation of the adjacency matrix and compute the attention-weighted
feature using Figure as follows: The adjacency matrix A is divided into three copies: Query Q, Key K,
and Value V, the similarity between the Q and each K can be used to calculate the attention score,
which reflects the importance of different temporal moments. The attention score is normalized by
softmax, and finally, multiply the value V by the normalized Q and K to get the attention-weighted
feature A

A t QK
= sojtmax = |17 eeiiininnnns 1
femas (S ) v o)
—Quary—>» Linear Softmax

Adjacency | q

Matrix Key—>» Linear

attention-weighted feature
NXN
NxN

—Value—» Linear

Fig -1 the Architecture of the adjacent matrix .
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The weighted sum of the vectors for each node in a graph, denoted as A, is what will be passed to
the GCN layers in place of the adjacency matrix A. The model is given X as traffic input (traffic speed
or flow) and A as its adjacency matrix. This forces the GCN layer to extract node relationships from
the adjacency matrix A rather than taking them directly to LSTM , and the model receives the
architecture.

3.2 Graph neural network (GNN)

Graph Neural Networks (GNNs): GNNs are a kind of neural network that works with graphs, which
are mathematical structures made up of nodes and edges that represent entities and relationships
between them. GNNSs can be used to learn graph representations and perform different tasks like node
classification, link prediction, and graph classification [51. GNNs work by gathering information from
neighboring nodes and updating each node's representation based on this information [23l.
Traditionally, traffic flow forecasting has been accomplished through the use of statistical models,
time series analysis, and machine learning techniques like Support Vector Regression (SVR).
Nevertheless, the geographical dependencies and correlations among traffic data, which are crucial
components for precise traffic flow prediction, are not well captured by these systems. GNNs are able
to grasp the intricate correlations between many data sources, including traffic flow, meteorological
information, and road network layout. By representing network topology as a graph and identifying
the geographical connections between traffic data, GNNs can overcome these drawbacks [45].

The aggregator and updater are two crucial parts of a Graph Neural Network (GNN) that collaborate
to update each node's hidden state depending on the hidden states of its neighbors [451.

After receiving the hidden states of nearby nodes, the aggregator function combines or processes
these states to create a node representation. Subsequently, the concealed state of the central node is
updated using this node representation. A variety of functions, such as mean, max, or sum pooling, as
well as more intricate ones like attention mechanisms or graph convolution, can be used as the
aggregate function. In 501 As an illustration, consider a mean pooling aggregator, which creates a node
representation by averaging the hidden states of nearby nodes.

(1) 1 (1-1)
a; NI E ;

JEN(L)

where |N(i)| is the number of neighboring nodes of node i and a(l); is the node representation of the
hidden states of neighboring nodes for node i at layer 1 [45]. The updater function comes after the
aggregator function, taking in the node representation and the node's previous hidden state to
produce the new hidden state for the node [5°1.

3.3 Graph Convolutional Network (GCN)

Graph structure processing may be done using semi-supervised models called GCNs. They
represent a graph fields version of CNNs. GCNs have made significant advancements in a wide range
of applications, including unsupervised learning ['8] | document classification 9], and picture
classification [51. In GCNs, the spatial domain and spectrum convolutions are included in the
convolutional mode . In this investigation, the former was used. Compared to a single-layer GCN, the
multi-layer GCN improves the model's ability to capture more intricate representations. The model's
ability to comprehend the influences of various nodes' neighbors is improved by adding layers.
Excessive layers have been shown to improve a model's performance in sparse graphs. This is due to
the fact that in both dense and sparse graphs, the GCN model is unable to collect enough
environmental data in one layer. This means that adding additional layers makes it possible to record
a wider range of environmental data . The product of figure filter go(L), which is built in the Fourier

domain, and signal x on the graph is known as spectrum convolution. go(L) »x = Uge (UT x), where _is
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a model parameter, L is the graph Laplacian matrix, U is the eigenvector of normalized Laplacian
matrix L = Iy — D¥/2 A D2 = UAUT , and UT x is the graph Fourier transformation of x. x can also be
promoted to X €RN*N, In order to capture the spatial characteristics of a graph, GCNs can perform the
spectrum convolutional operation, taking into account the graph node and first-order adjacent
domains of nodes. This allows GCNs to replace the convolutional operation in anterior CNNs, given
the characteristic matrix X and adjacent matrix A. Moreover, many networks are superposed using the
hierarchical propagation rule. A multilayer GCN model has the following expression:

HD=g (D -1/2AD-1/2 HO QO )............... 3

where A = A + Iyis an adjacent matrix with self connection structures, Iy is an identity matrix, D is
a degree matrix, D = ¥ A;;, H(1) € RN*lis the output of layer 1, 0@ is the parameter of layer 1, and o(.)
is an activation function used for nonlinear modeling.Generally at three layer of GCN . We define the
GCN as the following;:

Z=f(X,A) = softmax(ARe LU(AXWO)YW® + w®)____.4)

In other words, this study learned spatial dependence through the GCN model [8]. GCNs can encode
the topological structures of road networks and the attributes of road sections simultaneously by
determining the topological relationship between the central road section and the surrounding road
sections.

3.4- long short —term memory (LSTM )

The LSTM model is an effective recurrent neural system that was created specifically to solve the
exploding/vanishing gradient issues that frequently occur while learning long-term dependencies,
even in cases where the minimal time delays are extremely lengthy[40]. Generally, a constant error
carousel (CEC), which keeps the error signal inside each unit's cell, can stop this. Since the input and
output gates, which together create the memory cell, are added to the CEC, these cells are actually
recurrent networks in and of themselves. This makes for an intriguing design. One time step lag is
shown by the self-recurrent connections, which represent feedback. An input gate, an output gate, a
forget gate, and a cell make up a vanilla LSTM unit. suggested the forget gate as a way to enable the
network to reset its state, even though it was not originally a component of the LSTM network. The
three gates control the information flow related to the cell, and the cell retains data for random
periods of time. Since this is the most often used LSTM architecture, LSTM will be referred to as the
vanilla variant in the next sections. That being said, this does not mean that it is always the better
option. The memory blocks that make up the LSTM architecture are a collection of sub-networks that
are connected recurrently. The purpose of the memory block is to control the flow of information
through non-linear gating units and preserve its state across time. The gates, input signal x(t), output
signal y(t), activation functions, and peephole connections make up the architecture of a vanilla
LSTM block, as shown in Figure 2. All of the gates and the block's input are repeatedly linked to the
block's output.

Let's imagine a network with N processing blocks and M inputs in order to better understand how the
LSTM model functions. This recurrent neural system's forward pass is explained below.

Block input: This phase is all about updating the block input component, which is made up of the
output of that LSTM unit (y®&2 )from the previous iteration and the current input x® . 391 This may be
done as follows:

z(t) = g(W,x® + R, yt-D + b, ) ............ (5)
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where W, and R, are the weights associated with x® and y®-» | respectively, while bz stands for the bias
weight vector.

LSTM block Legend

connection

peepholes conection

multiplication

sum over all inputs

gate activation function
(always sigmoid)

input activation function
{usually tarh)

output activation function

(DO ®ei|

{usually tanh)
>y

Fig -2 the Architecture of LSTM Block.

Input gate : it combines the cell value ct-? from the previous iteration, the output of that LSTM unit,
and the current input x® is updated in this step. The process is shown by the following equation:

{0 = (Wi O + Ry + p; O ¢ + b)....(6)

where Wi, Ri, and pi are the weights associated with x®, yt-1_and ct-1, respectively, and bi stands for
the bias vector associated with this component. Since (-)marks the point-wise multiplication of two
vectors.

The LSTM layer decides which data should be kept in the network's cell states c® in the earlier
phases!38l, This involved choosing the input gate activation values, i®, and candidate values, z®, that
might be added to the cell states.

Forget gate : The LSTM unit chooses which data from its earlier cell states ¢ should be eliminated
in this stage. Thus, the current input x®, the outputs yt-2 and the state ct-2 of the memory cells at the
previous time step (t — 1), the peephole connections, and the bias terms byof the forget gates are used
to compute the activation values f ® of the forget gates at time step t. Here is how this may be
accomplished:

fO=c(Wex®+ReytD +py GO ctD+bg).... (7

The weights associated with x®, yt-0_and ct-2 are represented by Wy, Ry, and py, respectively, while by
stands for the bias weight vector. Cell This step computes the cell value by combining the values of the
block input z®, the input gate i®, and the forget gate f ® with the previous cell value. This can be done
as shown belowl4ol -

c®=z0EiO+ct0OfO ... (8)

Output gate : This phase calculates the output gate, which combines the current input x® | the
output of that LSTM unit y®-0 and the cell value c®? in the last iteration. This may be done as
indicated below:

0 = 0 (Wox® + Ry yt0 + po () ¢® + bo)......... (9)

where Wo, Ro and po are the weights associated with x(t) , y(t—1) and c(t-1) , respectively, while bo
denotes for the bias weight vector.

Block output Finally, we calculate the block output, which combines the current cell value c(t) with
the current output gate value as follows:
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yO =g(c®) ) o ............ (10)

In the above steps, 0, g and h denote point-wise non-linear activation functions. The logistic
sigmoid o (x) = (1/1+e!x) is used as a gate activation function, while the hyperbolic tangent g(x) = h(x)
= tanh(x) is often used as the block input and output activation function. Although vanilla LSTM
already performs very well, several works studied the possibilities to improve performance. For
example, developed the Extended LSTM model, further improving the accuracy of predictions in
several application fields by enhancing the memory capability. This suggests that theoretical
improvements can still be made to an already state-of-the-art performing architecture. It seems
appropriate to mention that the functionality of this architecture inspired the authors in to enhance
the training of very deep networks. The gating mechanism was employed in the so-called highway
networks to allow an unimpeded information flow across many layers. This could be considered
another proof-of-concept, showing that the gates work. The process of looking for ways to make the
model better was already underway. In order to maximize the sequence learning capabilities of LSTM,
the authors searched for an alternate architecture. Through gradient descent, they were able to evolve
memory cell architectures that could learn context-sensitive formal languages; in many aspects, their
performance was similar to that of LSTM. The authors created Long Short-Term Memory Spiking
Neural Networks (LSNN), which include adaptive neurons, by building atop recurrent networks of
spiking neurons.

It was demonstrated that the performance is extremely similar to that of LSTM during experiments
when the size of LSNN was comparable to that of LSTM. This is just one more example of how precise
LSTM is and always will be.

3.5 LSTM3GCN model

The model built for combine three layer of GCN connected to one LSTM , encapsulating
geographical and temporal relationships. For both long- and short-term traffic flow forecasting, T-
GCN is utilized. The concept of "spatial dependency” in traffic relates to how traffic patterns at one
place in a road network might affect other areas. Because of their geographical linkages, the traffic
flow across various sites in the network is interconnected. Traffic is temporally dependent, meaning
that historical traffic circumstances affect current traffic situations. In addition to the current
circumstances, past traffic patterns and earlier states also influence the flow of traffic at any particular
time [49].

—Quany» Linear —-—m—»s«;ﬁrra,

r T ' 1 ¢ Output
ARy |y > e ) H meer——
¥ ! L4 \ g h
BEN —» GCN —i» GON — P —{c) @
5 . 7Y cett
L —vene— Linear \ i
Inpue (X I LSTM component

Fig -3- the architecture of the LSTM3GCN model.

A multi-layer GCN improves the model's ability to capture more intricate representations than one-
layer GCN alone. The model's ability to comprehend the various nodes' neighbor effect improves with
the addition of layers. It has been demonstrated that when a graph is sparse, a model performs better
with more layers. This is a result of the GCN model's inability to collect enough environmental data in
a single layer in thick and sparse graphs. Therefore, adding more than one layer makes it possible to
record a wider range of environmental data [5]. Increasing the sensitivity of GCNs to the topology of a
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graph that has complicated topologies may result in a performance loss. To preserve the capacity to
extract both local and global information from the graph, it is crucial to maintain a balance between
this sensitivity. When the graph attention mechanism is used to enhance the models' ability to handle
complicated graph topologies, the sensitivity of GCNs can be resolved [421. Three layers make up the
multi-layer GCN architecture that we have developed in this work. The GCN is defined as follows:

Z=f(XA) = softma.x(f;i Re L U(EXW[O))WEI) + W(g)) ....... (11)

Three layers make up the architecture, and the weight matrices are Wo, W1, and W2.Given an
adjacency matrix A and input X, The first GCN layer receives the "A and X as input. These inputs are
passed through three convolutional graph layers. The second and third convolutional graph layers
receive the generated adjacency matrix as input. Lastly, the final output for the model is obtained by
applying the ReLU activation function to the resultant matrix .The output of the GCN layers is the
input for the LSTM model, which produces a prediction and a hidden state for the subsequent time
stamp.

4-EXPERIMENTS

4.1 Data Description

PeMSDg4: It is collected by the Caltrans Performance Measurement System (PeMS) with a time
granularity of 5 minutes. The PeMSD4 dataset refers to the traffic flow data in the San Francisco Bay
Area, which contains traffic information of 307 loop detectors from 1/Jan/2018 to 28/Feb/2018.it
used python language .

4.2 Evaluation Metrics

To evaluate the prediction performance of the model, the error between real traffic speed and
predicted results is evaluated on the basis of the following metrics:

(1) Root Mean Squared Error (RMSE):

RMSE = \li)};‘(yi— $)2.......(12)

(2) Mean Absolute Error (MAE):
1 ~
MAE = 330 1%i = Pil..13)

(3) Mean Absolute Percentage Error:

100% i~V
MAPE = — §=1|%| ......... (14)

L

Prediction error is specifically measured using RMSE, MAE, and MAPP. High prediction precision
is shown by small RMSE, MAPE, and MASE values. Predictive precision is gauged by accuracy, with a
high accuracy number being desirable.

4.3 Performance Comparison
We compare LSTM3GCN with several baseline models, including:
GCN: Captures spatial dependencies but lacks temporal modeling capabilities.

TGCN: Integrates GCN with temporal graph convolution but does not incorporate memory
mechanisms.

ASTGCN: Uses an attention-based spatiotemporal GCN but is computationally expensive.
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HGCN: Employs hierarchical graph convolution to improve spatial representation but lacks long-term
dependency modeling.

4.4 Experimental result analysis and discussion

In this paper, we propose deep learning framework LSTM3GCN for traffic prediction, integrating
graph convolution network and long short term memory block. Experiments show that model
involved manually setting the learning rate and epoch for the datasets to 0.0001 and 100, respectively,
based on prior experiences. The traffic information in the next 15, 30,45,60,90, and 120 min is
predicted. The predicted results are compared with results from the other model are

GCN, TGCN, ASTGCN, and HGCN.

Table 4-1 Experimental results of all models predicting the next 15 minutes under the PeMSo4 dataset.

Evaluation matrices

model MAE RMSE MAPE %
GCN 41.37 58.51 0.442
TGCN 209.04 261.46 0.919
ASTGCN 23.76 35.48 0.179
HGCN 38.72 55.33 0.410
LSTM3GCN 18.47 209.66 0.121

500 -+
450 -
400 -
350 _ _
300 | ;\faluahon matrices MAPE
250
200 ® Evaluation matrices RMSE
150
100 m Evaluation matrices MAE
50

0 T T T T T T

= = = = =
O O O O G
[P O Q\b &(o

Figure 4-2 Comparison of RMSE, MAE, and MAPE values of all models in predicting the next 15
minutes.

This chapter conducts experimental verification based on the PeMSD4 dataset and the three
evaluation metrics RMSE, MAE, and MAPE. Tables 4-1,present the experimental results of all models
in predicting traffic flow for the next 15 minutes. The comparative models include those based on
traditional time series methods and those based on deep neural network methods. From the above
table, it can be intuitively seen that LSTM3GCN has superior prediction performance.
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Table 4-2 Experimental results of all models predicting the next 30 minutes under the PeMSD4
dataset.

Evaluation matrices

model
MAE RMSE MAPE %
GCN 41.91 57.7 0.451
TGCN 161.71 219.53 0.884
ASTGCN 61.87 80.62 0.937
HGCN 290.88 234.89 0.514
LSTM3GCN 20.51 32.48 0.135
600 -+
500 -+
400
200 MAPE %
200 -+ = RMSE
100 m MAE
0 T T T T T
o o o o o
< <& $6 & \5\&0

Figure 4-3 Comparison of RMSE, MAE, and MAPE values of all models in predicting the next 30
minutes.

Tables 4-2,present the experimental results of all models in predicting traffic flow for the next 30
minutes. The comparative models include those based on traditional time series methods and those
based on deep neural network methods. From the above table, it can be intuitively seen that
LSTM3GCN has superior prediction performance.

Table 4-3 Experimental results of all models predicting the next 45 minutes under the PeMSD4
dataset.

Evaluation matrices

model MAE RMSE MAPE %
GCN 46.77 64.77 0.567
TGCN 119.48 166.45 0.814
ASTGCN 33.11 48.34 0.3105
HGCN 180.67 353.68 0.358
LSTM3GCN 22.15 34.72 0.146
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Figure 4-4 Comparison of RMSE, MAE, and MAPE values of all models in predicting the next 45
minutes.

Tables 4-3,present the experimental results of all models in predicting traffic flow for the next 45
minutes. The comparative models include those based on traditional time series methods and those
based on deep neural network methods. From the above table, it can be intuitively seen that
LSTM3GCN has superior prediction performance.

Table 4-4 Experimental results of all models predicting the next 60 minutes under the PeMSD4
dataset.

Evaluation matrices

model
MAE RMSE MAPE %
GCN 37.56 54.82 0.323
TGCN 120.89 172.30 0.902
ASTGCN 45.54 63.63 0.503
HGCN 290.67 334.68 0.514
LSTM3GCN 23.93 37.17 0.158
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Figure 4-5 Comparison of RMSE, MAE, and MAPE values of all models in predicting the next 60
minutes.

Tables 4-4,present the experimental results of all models in predicting traffic flow for the next 60
minutes. The comparative models include those based on traditional time series methods and those
based on deep neural network methods. From the above table, it can be intuitively seen that
LSTM3GCN has superior prediction performance.

Table 4-5 Experimental results of all models predicting the next 9o minutes under the PeMSD4
dataset.

Evaluation matrices

model
MAE RMSE MAPE %
GCN 39.80 58.40 0.369
TGCN 112.48 155.35 0.962
ASTGCN 50.54 70.41 0.546
HGCN 43.08 61.57 0.303
LSTM3GCN 25.79 39.68 0.171
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Figure 4-6 Comparison of RMSE, MAE, and MAPE values of all models in predicting the next 9o
minutes.

Tables 4-5,present the experimental results of all models in predicting traffic flow for the next 9o
minutes. The comparative models include those based on traditional time series methods and those
based on deep neural network methods. From the above table, it can be intuitively seen that
LSTM3GCN has superior prediction performance.

Table 4-6 Experimental results of all models predicting the next 120 minutes under the PeMSD4
dataset.

Evaluation matrices

model
MAE RMSE MAPE %
GCN 49.65 70.63 0.504
TGCN 150.41 199.89 0.897
ASTGCN 57.94 79.09 0.679
HGCN 44.12 62.61 0.347
LSTM3GCN 23.59 36.95 0.156
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Figure 4-7 Comparison of RMSE, MAE, and MAPE values of all models in predicting the next 120
minutes.

As shown in Figure 4-2 and Table 4-1, when predicting traffic flow for the next 15 minutes, the
MAE value of LSTM3GCN is reduced by 44.64%,8.83%,77.7% ,and 47.7% Compared to the
GCN,TGCN,ASTGCN,HGCN models ,Respectively. In term RMSE it is reduced by 50.6%,11.3%,
83.5% ,and 53.6% , respectively. for the MAPE value , it is reduced by 27.3%,13.1%,67.5%, and 29.5%,
compared to them, respectively.

As shown in Figure 4-3 and Table 4-2, when predicting traffic flow for the next 30 minutes, the
MAE value of LSTM3GCN is reduced by 48.9%,12.6%,33.15% ,and 7.1% Compared to the
GCN,TGCN,ASTGCN,HGCN models ,Respectively. In term RMSE ,it is reduced by 56.2%,14.7%,
40.28% ,and 13.8% , respectively. for the MAPE value , it is reduced by 29.9%,15.27%,14.4%, and
26.2%, compared to them, respectively.

As shown in Figure 4-4 and Table 4-3, when predicting traffic flow for the next 45 minutes, the
MAE value of LSTM3GCN is reduced by 47.35%,18.53%,66.8% ,and 12.25% Compared to the
GCN,TGCN,ASTGCN,HGCN models ,Respectively. In term RMSE ,it is reduced by 53.6%,20.8%,
71.8% ,and 9.8% , respectively. for the MAPE value , it is reduced by 25.7%,17.9%,47.02%, and
40.78%, compared to them, respectively.

As shown in Figure 4-5 and Table 4-4, when predicting traffic flow for the next 60 minutes, the
MAE value of LSTM3GCN is reduced by 63.7%,19.7%,52.54% ,and 8.2% Compared to the
GCN,TGCN,ASTGCN,HGCN models ,Respectively. In term RMSE ,it is reduced by 76.8%,21.5%,
71.8% ,and 11.1% , respectively. for the MAPE value , it is reduced by 48.9%,17.5%,31.4%, and 30.7%,
compared to them, respectively.

As shown in Figure 4-6 and Table 4-5, when predicting traffic flow for the next 120 minutes, the MAE
value of LSTM3GCN is reduced by 64.7%,22.92%,51.02% ,and 59.8% Compared to the
GCN,TGCN,ASTGCN,HGCN models ,Respectively. In term RMSE ,it is reduced by 67.9%,25,54%,
56.3% ,and 64.4% , respectively. for the MAPE value , it is reduced by 46.34%,17.7%,31.31%, and
56.43%, compared to them, respectively.

As shown in Figure 4-7 and Table 4-6, when predicting traffic flow for the next 120 minutes, the
MAE value of LSTM3GCN is reduced by 47.50%,15.6%,40.7% ,and 53.4% Compared to the
GCN,TGCN,ASTGCN,HGCN models ,Respectively. In term RMSE ,it is reduced by 52.3%,18.4%,
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46.7% ,and 59.01% , respectively. for the MAPE value , it is reduced by 30.95%,17.39%,22.97%, and
44.95%, compared to them, respectively.

6- CONCLUSION AND FUTURE WORK

The simultaneous capture of global temporal dynamics and spatial correlations is made possible by
a traffic forecasting technique called LSTM3GCN, which makes the process easier. The network of
metropolitan roadways is built as a graph, with road traffic speed represented as a node's property on
the graph. The suggested approach uses a three-layer GCN to capture the spatial relationships
depending on the topological features of the road network. In the meanwhile, the dynamic variance.
The LSTM records each successive historical traffic speed. Additionally, discovered that a typical
technique is to combine GCN with LSTM in order to achieve the best possible performance and when
compare the result the combine the GCN with LSTM is more better when connected with GRU.
Convolution and pooling layers were employed in these hybrid models to lower the problem's
dimensionality while significantly lowering the redundancy in the data. Further research into these
components might result in LSTM variations with better prediction skills. the worldwide trend of
temporal variation is taken in by the attention mechanism and assembled. A multi-layer GCN
improves the model's ability to capture more intricate representations than one-layer GCN alone. The
model's ability to comprehend the various nodes' neighbor effect improves with the addition of layers.
It has been demonstrated that when a graph is sparse, a model performs better with more layers. This
is a result of the GCN model's inability to collect enough environmental data in a single layer in thick
and sparse graphs. Therefore, adding more than one layer makes it possible to record a wider range of
environmental data [5].And the datset used , It is collected by the Caltrans Performance Measurement
System (PeMS) with a time granularity of 5 minutes. The PeMSD4 dataset refers to the traffic flow
data in the San Francisco Bay Area, which contains traffic information of 307 loop detectors from
1/Jan/2018 to 28/Feb/2018.
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