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Abstract. Traffic flow prediction is the key to accurate urban traffic control and the basis for developing intel-
ligent transportation systems. Recent studies have made substantial progress in traffic prediction by modelling
complex spatiotemporal graph topology and considering sensors as road network nodes. However, the current
spatiotemporal graph neural network model is limited by its structure. It can only utilize short-range traffic
flow data and cannot effectively extract the long-term trend of complex traffic flow and periodic features in
traffic patterns. To address the above problems, we propose a Transformer-based long-term traffic flow pre-
diction framework, “Transformer-based spatiotemporal graph attention network”. First, the model utilizes the
Transformer coding layer to learn compressed and context-rich subsequence temporal representations from
long-term sequences. Then, the model designs a multi-scale gated temporal convolution module to identi-
fy and extract long-term trend features of traffic flow from the subsequence time representations. Next, the
model constructs a multi-granularity random graph attention module to capture the periodic features of traffic
flow from the subsequence time representations and extracts the short-term trend features present in the long-
time series using the STGNN model. Finally, the model fuses the extracted long-term trends, periodic features
and short-term trends to obtain the final prediction results. Experimental results on two real-world traffic flow
datasets show that the model outperforms the baseline model and makes accurate long-term predictions.
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1 Introduction

With the rapid development of urbanization, Intelligent Transportation Systems (ITS) play an important role in
people’s daily travel experience, and one of the key components of ITS is the traffic flow prediction system. In
ITS [1], the main function of traffic prediction is to use historical traffic data captured by sensors to predict future
traffic conditions [2, 3]. Accurate traffic prediction enables drivers to strategize their travel routes in advance,
reducing road delays. Also, it assists authorities in deploying personnel in advance to manage traffic in congested
areas.

Predicting traffic flow faces great challenges due to its complex spatial dependence and nonlinear temporal
dynamics. Traditional traffic flow prediction techniques, such as ARIMA [4] and VAR [5], require strict assump-
tions on the traffic dataset. However, the complexity of real-world data often makes these assumptions untenable,
thus severely limiting the applicability of these models. In addition, these traditional methods are insufficient to
capture complex nonlinear time dependencies, nor can they represent the spatial dependencies inherent in trans-
portation networks.

Urban planners have much traffic data in the era of advanced sensing and data processing technologies. Due
to the rapid development of deep learning, many methods for traffic flow prediction using deep learning and big
data have emerged, significantly improving prediction accuracy compared to traditional methods. The outstand-
ing performance proves the great potential of data-driven systems based on deep learning in predicting traffic
flow. These methods are currently the most widely used prediction techniques. Earlier spatiotemporal prediction
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techniques utilizing CNNSs to capture spatial interdependencies outperformed traditional methods [6, 7]. Given
that traffic networks are essentially non-Euclidean graph structures, researchers have begun to use graph neural
networks (GNNs) to model spatial relationships in traffic networks. Combining GNNs with RNNs, one-dimen-
sional (1D) CNNs, and other temporal models allows the development of spatiotemporal graph neural network
models for accurate traffic flow prediction [8, 9].

Recent studies have shown that Spatio-Temporal Graph Neural Networks (STGNN) successfully predict traffic
flow trends by simultaneously considering both variation over time and spatial relationships [10-14]. Examples
of cutting-edge spatiotemporal graphical neural networks (STGNN) include D2STGNN [11], Graph WaveNet
[12], MTGNN [13], and GTS [15]. However, it is worth noting that such models usually have limitations. They
tend to rely on short-term historical series as model inputs, e.g., they typically restrict traffic flow data to 12 time
steps or 1 hour. However, the long-term trends and cyclical features present in historical traffic data are often not
adequately captured by the information contained in short-term data. STEP [10] investigated a potential pre-train-
ing method to increase the receptive field of STGNNS in order to obtain longer temporal information. PatchTST
[16] extends the range of historical dependencies by segmenting the time series into subsequence patches and
employing a channel-independent strategy. However, the above models are unable to accurately capture long-
term trends and cyclical features in long history series. As shown in Fig. 1, the green box indicates the traffic flow
trend on Wednesdays, while the red box indicates the traffic flow trend on Saturdays, and the traffic flow trends
in the same color boxes all exhibit a high degree of similarity. In addition, the traffic flow trends for Wednesday
and Thursday within the same week also show a high degree of similarity. Therefore, we can infer that the daily
and weekly traffic flow trends exhibit significant periodicity. Considering the long-term trend characteristics and
periodicity features in long historical series can directly improve the accuracy of traffic flow prediction.
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Fig. 1. Example of historical time series data of traffic flow

To address the problem of insufficient information embedded in short-term historical series, we incorporate
extended historical series into the traffic flow prediction model. Specifically, we use the traffic flow data from the
previous two weeks as input for the model. This allows the model to accurately predict future traffic flow trends
from the rich information of the long-term historical series. Second, in order to solve the problem of not being
able to effectively extract long-term trends and cyclical features from long-term historical series. We propose
a spatiotemporal graph attention network based on a long-term Transformer. It can not only capture short-term
trends in long-term historical series but also effectively extract long-term trend features and periodic features
from long-term historical series. The contribution of this paper can be briefly described as follows:

*  We propose a framework for traffic flow prediction that combines the short-term trends, long-term trends,
and periodic features of extensive historical sequences and can accurately identify and extract long-term
trends and periodic features from long-term historical sequences.

*  We propose a multi-scale gated temporal convolution module that can identify and extract features of
long-term trends in traffic flows from hour-level subsequences temporal representations.
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*  We propose a multi-granularity random graph attention module that can extract periodic features of traffic

flow from hour-level subsequences temporal representations of the previous two weeks and days.

*  We assess the proposed structure by using two genuine traffic datasets. The experimental results demon-

strate that our suggested model surpasses the baseline model in all prediction ranges.

Overall, we propose a network framework for traffic flow prediction and design a multi-scale gated temporal
convolutional module and a multi-granularity random graph attention module in this framework. The multi-scale
gated temporal convolution module can accurately capture the long-term trend of traffic flow from long-term his-
torical sequences. The multi-granularity random graph attention module can effectively extract periodic features
from long-term historical sequences. This allows the framework to effectively solve the problem of being unable
to extract long-term trends and periodic features from long-term historical sequences.

Subsequent portions of this work are organized as follows: Section 2 presents a comprehensive summary of
previous techniques employed in forecasting traffic patterns. Section 3 presents a formal description of the ob-
jective of predicting traffic flow and explains the overarching framework and design specifics. The proposed ap-
proach is evaluated in Section 4 through the execution of a variety of experimental sets. The final section of this
work is Section 5, which provides potential avenues for additional research.

2 Related Work

The majority of the first methods employed to predict traffic flow rely on statistical techniques, including the
historical average (HA) model [17], the ARIMA model [4], and the Kalman filter [18]. The historical average
(HA) model relies on the inherent periodic characteristics of time series data and performs predictive analysis by
counting the average values of corresponding time points in the past. ARIMA combines the autoregression (AR)
and moving average (MA) models while handling the non-stationarity of time series through differencing. The
Kalman filter realizes state estimation through two steps: prediction and update of system state. Early traffic flow
prediction models generally tend to use time series analysis techniques. However, they often ignore the complex
interaction effects between roads and the significant spatial correlation of traffic flow data.

Recently, there has been a growing trend in the field of traffic flow prediction to use neural networks to cap-
ture spatial and temporal correlations of traffic flows and to train models using large datasets. This approach has
shown superior performance compared to earlier methods [19]. In some technical applications, Convolutional
Neural Networks (CNNs) have been used to capture and model spatial correlations in traffic data in the form of
grids [20, 21]. Although, these methods can capture the spatial correlation of traffic flows using Euclidean dis-
tance and spatial location between roads. However, they do not adequately consider the topology between roads.
The graph structure, on the other hand, can effectively represent the topological relationship of the road network,
and this method is not only intuitive but also reflects the connectivity between roads. The distance between roads
can be portrayed by the weight parameters of the edges in the graph. Therefore, Graph Neural Networks (GNN)
have successfully addressed the shortcomings of early deep learning techniques in dealing with non-Euclidean
data structures. Nowadays, graph neural networks (GNNs) have been widely used for several tasks, including
spatial and temporal feature prediction [22-24].

Spatio-temporal graph neural networks (STGNNSs) are regarded as the most promising method because of
their exceptional performance. They combine graph neural networks (GNNs) [25] with time series models [26,
27] to effectively simulate both spatial and temporal interdependence. STGNNSs that exploit convolution opera-
tions to capture temporal features in a parallel manner encompass STGCN [9], Graph WaveNet [12], MTGNN
[13], and StemGNN [14]. These models integrate graph convolutional networks and gated temporal convolution-
al networks, along with their corresponding variations. To better represent the intricate temporal characteristics,
STGNNSs like DCRNN [8], ST-MetaNet [28], TGCN [29] and AGCRN [30] employ convolutional networks and
recurrent neural networks [26, 31], together with their corresponding variations, to capture the temporal dimen-
sion. Furthermore, it is essential to mention that the attention mechanism has been extensively employed in di-
verse spatiotemporal prediction models, such as GMAN [32] and ASTGCN [33].

D2STGNN [11] is the latest advancement in STGNN design. It improves modelling performance by sepa-
rating diffuse and intrinsic traffic information. This is especially important considering the unique properties of
traffic data. In addition, MegaCRN [34] employs a meta-learning approach that allows the model to adapt to var-
ious graphical architectures and time series patterns. This approach can enhance the generalization of the model
by modifying its meta-parameters. MAGNN [35] employs a multi-scale feature extraction approach that utilizes
graph convolutional layers at different scales to capture dependencies at different temporal granularities. Despite
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the significant progress made by STGNN, its complexity is still high due to the need to address both temporal
and spatial dependencies at each step. Due to the increased complexity, STGNNs cannot handle long-term histor-
ical temporal data. Most STGNNs are only capable of handling short-term historical time data, which typically
covers the previous hour and consists of 12-time steps. As a result, contemporary STGNNs face difficulties in
recognizing and mining these long-term trends and periodic features that occur over weeks. In order to learn spa-
tial dependencies from long-term historical time series, STEP [10] provides the graph structure learning module
with subsequence representations derived via Transformer. PatchTST [16] proposes a new approach that extends
the range of historical dependencies by dividing lengthy time-series data into smaller chunks and employing a
channel-independent strategy. Crossformer [36, 37] aims to extract traffic flow features from long-time history
series by converting the past into segment embedding using the Transformer model. However, these models do
not adequately consider the long-term trends and cyclical features unique to long sequences.

Despite significant advances in STGNN (e.g., D2STGNN and MegaCRN) and Transformer-based approaches
(e.g., STEP, PatchTST, and Crossformer), these models are either incapable of dealing with long-term historical
time series data or are unable to capture long-term trends and periodic features efficiently. To address these is-
sues, our work introduces long-term historical time series and designs two new modules that can effectively ex-
tract long-term trends and periodic features. This approach allows for more comprehensive mining of traffic flow
patterns from long-term historical series, surpassing the limitations of existing methods.

Compared with the D2STGNN and MegaCRN models, our approach achieves a more comprehensive utiliza-
tion of time series information by introducing long-term historical sequences up to two weeks, which enhances
the model’s ability to capture long-term traffic flow patterns. Compared with the STEP method, our method can
extract rich information from long-term time series by using multi-scale gated temporal convolution modules and
achieves effective extraction of long-term trend features. The PatchTST and Crossformer methods do not mod-
el the cyclical features of traffic flow. Compared with the PatchTST and Crossformer methods, our method can
effectively extract periodic features from long time series by specially designing the multi-granularity random
graph attention module, which makes the model perform better when facing more extended time series (e.g.,
two-week data).

3 Methodology

The entire model framework is shown in Fig. 2. After the long-term historical sequence data is input into the
model, it will first be divided into multiple hour-level subsequences. Next, we use Transformer encoding layers
to obtain the contextual representation of the hour-level subsequences from the long-term historical sequence.
After that, all hour-level subsequences will be passed to the multi-scale gated temporal convolution module and
the multi-granularity random graph attention module, and the last hour-level subsequence will be passed to the
STGNN module. In the end, the outcomes of the three modules are merged via feature fusion to provide the final
predictions of the model.

3.1 Transformer Encoding Layers

At the T)th time step, the historical dataset X'is denoted as X' = [X, 7,1, ..., X, 1, X, ] € R where X; is a matrix
of size " and represents the observation data of N sensors at time t. The initial procedure is to divide X into P
consecutive segments, described as a set S: S =[S, S,, ..., S,]. Each segment S, € R consists of L data points,
each of which corresponds to one hour of data. Specifically, each hour contains 12 time-step observations. If the
number of data points in the time series does not reach the preset threshold 7), = P x L, the model will expand its
length to the standard specification of P x L by adding zero values to the left side of the input data. Subsequently,
the sequence S will be input into the Transformer encoding layer, the fundamental purpose of which is to enable
the model to effectively learn compressed, context-rich hour-level subsequence representations from long time
series.

The Transformer encoding layer first embeds the input data, that is, applies a linear transformation to it, con-
verting it into the latent space.

Ui=W-8i+b, a)
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where W € R”*“ and b € R are learnable parameters, U ; € R’ is the model input vector, and d is the hidden di-
mension.
Next, we add sequential information using a learnable positional encoding layer:
U°=U + Pos. (2)

Finally, we use two transformer blocks as our Transformer Blocks. For the Ith Transformer Blocks:

H'"'=TLayerNorm (H'+ MSA (H')), 3)

H'=LayerNorm (U'+ FFN (U")), “)

where MSA refers to a network architecture that processes information through multiple attention heads, and
FFN is an architecture that applies a fully connected feedforward network to each position of the input separate-
ly. For more information, see the original Transformer paper [27].
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Fig. 2. The overall framework of the model

3.2 Multi-scale Gated Temporal Convolutional Network

The sparseness of short-term historical data makes it difficult for existing models to predict complex future traffic
flow changes. In contrast, the long-term trend features contained in long-term historical series can help models
predict future traffic flow changes more accurately. Therefore, we design a multi-scale gated time convolution
module that can identify and extract long-term trend features of traffic flow from long-term historical series.

The multi-scale gated temporal convolutional network is constructed with two dilated initial layers (DILs).
One DIL employs the tanh activation function as a filter, while the other DIL utilizes the sigmoid activation func-
tion as a gating mechanism. This arrangement effectively controls the flow of information from the preceding
layer to the subsequent module. Furthermore, each DIL utilizes a collection of typical 1D causal dilated convo-
lutions to capture temporal characteristics at different scales. Hence, this module can handle lengthy time series
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and extract temporal features at several scales. The architecture of the multi-scale gated temporal convolutional
network is illustrated in Fig. 3.
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Fig. 3. The composition structure of the multi-scale gated temporal convolutional network

Given an input H € R“", C is the number of channels, N is the number of sequences, and T is the length of
the sequence. Taking the first DIL layer as an example, we first extract multi-scale time features in long-term his-
torical sequences by a set of 1D causally dilated convolutional layers (without padding). Among them, the con-
volution kernels [k, k,, k;, k4] of the causally dilated convolutional layers are gradually increased. At the same
time, we map the channels to C/4 (divide the channels equally according to the number of convolutional layers):

H, € R\ N>XT=k+D — Conv,,,, (H) . (5)
H,e ROHNXT=ktD — Conv,, ., (H) . (6)
Hy e ROHVNXT=k+D = Conv,,,. (H) . (7)
Hye RO N<T-k4) — Cony, ., (H). @)

Then, taking the feature with the least time dimension as the standard (H, has the least time dimension because
its convolution kernel is the largest), we intercept H,, H,, H, in the time dimension to keep their time dimensions
consistent:

H, < R(C/OXNX(T —kit D) — H, [, ,(Ti ky+ 1):] . (9)
H,c ROHNXT—kitl) — [.... (T —Ek,+1):]. (10)
H,e RC/OXNXT—kit D) — H, [, — (T —ky+ 1):] . (11)
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Next, the four multi-scale feature values are concatenated on the channel to restore the same number of chan-
nels as the input:

HLERCXNX<T7]C4+1):Concat(Hl,Hg,H3,H4) . (12)
Ultimately, two fully connected layers are employed to regain the original temporal dimension of the input:
H,=MLP(H,), (13)

where H, € R“™" is the result produced by the initial DIL layer.

By employing the identical approach as described earlier, we obtain the resultant output of the second DIL
layer H, € R“"". Next, we create a gating unit using the sigmoid function and a filter using the tanh activation
function. The gating unit regulates the amount of information that the filter transfers to the subsequent modules:

Hpy € RO*V*" = tanh (H,) © sigmoid (Hz) . (14)

3.3 Multi-granularity Random Graph Attention Network

Periodicity is an important feature of traffic flow data. Traffic flow often exhibits weekly and daily periodicity,
and different times within the same period may show very similar trends. To extract the periodic features of traf-
fic flow data, we design a multi-granularity random graph attention module. This module can extract periodic
features from the hour-level subsequences representations of the previous two weeks and previous days.

The multi-granular random graph attention module first generates two adjacency matrices, namely the
hour-level adjacency matrix and the day-level adjacency matrix. The hour-level adjacency matrix represents the
pairwise relationship between two hour-level subsequences R,, and each node is connected by checking the peri-
odic pattern. The same hour-level subsequences R, on different days will be linked together. In this process, the
corresponding position weight is set to 1, while the position weights of other nodes are set to 0. The day-level ad-
jacency matrix represents the link between two day-level subsequences R,. It is convolved by the time-level sub-
sequences R, within a day. Each node in the day-level adjacency matrix considers the periodic pattern. The same
day-level subsequences R, in different weeks will be linked together. This means that the corresponding position
weight is set to 1, while the position weights of other nodes are set to 0.

Next, the multi-granular random graph attention module constructs a trainable attention weight matrix A4,. This
weight matrix is not formed interactively but is randomly generated. Through this weight matrix, the correlation
between periods of different days and days of different weeks can be learned. Thus, the periodic features in the
time-level adjacency matrix and the day-level adjacency matrix can be extracted.

Finally, the attention matrix 4, is added to the hour-level adjacency matrix R, and the day-level adjacency ma-
trix R, to generate the final adjacency matrices 4, and 4,. 4, and A, are expressed as:

Ah:AT+Rh . (15)

Ay=A, +R,. 16)

To capture more periodic features and stabilize the learning process, we further extend the multi-granularity
random graph attention into a multi-head mechanism. We set the number of multi-head attention to K, and the
final output is as follows:

Hp. 0= MLP (U(AhWHh) H U(AdWHd)) ’ (17)

HPeTiodicity - Conca't (H}Derioda sty ng(eriod) ) (18)
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Where || represents concatenation and H,, € R"" represents the output of multi-granularity random

graph attention module.

eriodicity

3.4 STGNN

Since the hour-level subsequences obtained from the long-term historical time series are not detailed enough, the
model does not fully extract the short-term trend features of traffic flow. Furthermore, since there is a significant
temporal connection between future and past short-term traffic flows, it is imperative to estimate the short-term
trend independently.

STGNNSs have been extensively proven to effectively extract short-term trend characteristics from short-term
sequences, as evidenced by multiple studies [8, 9, 28]. Typically, STGNN models accomplish comprehensive
feature extraction through a two-step process. Initially, people acquire spatial features and temporal features
by means of a spatial learning network and a temporal learning network, correspondingly. Next, they combine
the two features using a specific spatiotemporal fusion structure. Considering the acknowledged strengths of
STGNNSs, we choose to utilize the already established STGNN, Graph WaveNet [12], to extract the short-term
trend features of traffic flow. H,,,,:

HShort = STGNN (Aleast) ) (19)

where H,,, represents the last subsequence in the long historical sequence, that is the nearest subsequence at the
hour level to the current moment. 4 is the adjacency matrix, whereas STGNN() denotes the implemented Graph
WaveNet model.

3.5 Feature Fusion

By modeling long-term historical data, we obtain long-term trend features, periodic features, and short-term trend
features. Finally, by combining the three features, we can get the final prediction result of the model:

j} - MLP (HLDng| |HPeriodicity | |-HSho7‘t) ) (20)

where || represents concatenation. The objective of the traffic flow prediction task is to minimize the discrepancy
between the model’s output and the actual value. To do this, we use the average error as the loss function, which
is defined as:

yik*yzk

R 1 T, N C
Linae = L, V)= T,NC Y20 (1)
j=1

i=1 k=1

4 Experiments

This section presents experiments on two real public transportation datasets to illustrate the effectiveness of our
method in predicting traffic flow. In Section 4.1, we give a comprehensive explanation of the experimental data-
sets. Next, we introduce the evaluation metrics we use in Section 4.2. In addition, in Section 4.3, we describe
the basic details of the baseline model. In Section 4.4, we evaluate the effectiveness of our model by comparing
it with the baseline model. Finally, in Section 4.5, we conduct ablation experiments on the modules and analyze
their impact on the model performance to verify the effectiveness of our proposed modules.
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4.1 Datasets

To thoroughly assess the effectiveness of our method, we have chosen two real public transportation flow data-
sets, namely PEMS04 and PEMSO0S. These datasets consist of numerous time intervals and hundreds of sensors.
Table 1 provides a comprehensive description of the two datasets.

*  PEMSO04. The collection is obtained from 307 sensors located on 29 freeways in California. PEMS-04 in-
cludes data from 307 sensors that were gathered over a span of two months, specifically from January 1,
2018 to February 28, 2018. Information on traffic movement is recorded at 5-minute intervals, resulting in
a total of 16,992 data points.

*  PEMSO0S. The collection comprises traffic data obtained from 170 sensors located on 8 freeways in
California. PEMS08 dataset comprises data from 170 sensors gathered during a two-month timeframe
spanning from July 1, 2016 to August 31, 2016. Additionally, traffic flow data is captured at 5-minute in-
tervals, resulting in a total of 17,833 time slices.

During the experiment, we normalized the two sets of highway traffic data, PEMS04 and PEMS08, to scale

the data values to a uniform magnitude, which is helpful for model training and generalization. After that, we al-
located about 60% of the data for training, 20% of the data for testing, and the remaining 20% for validation.

Table 1. Detailed description of the data set

Dataset Nodes Time range Time interval/min Time slices
PEMS04 307 2018/01/01-2018/02/28 5 16992
PEMSO08 170 2016/07/01-2016/08/31 5 17833

4.2 Evaluation Metrics

Three standard metrics are employed to assess the performance of all baselines: mean absolute error (MAE), root
mean square error (RMSE), and mean absolute percentage error (MAPE). MAE measures prediction accuracy,
RMSE is particularly responsive to outliers, and MAPE quantifies the relative deviation between predicted and
actual values. The equations for these metrics are as follows:

1< :
MAE:;Z Y,— Y. 22)
t=1
RMSE = %Z(Yt—f/f. (23)
t=1
. 1 2 YVt*Yz
MAPE = EZT X100% . 24)

4.3 Baseline Models

We selected various baselines with official public codes, including traditional methods, typical deep learning
methods, and recent state-of-the-art works.

*  HA [17]: The Historical Average (HA) model is a straightforward and efficient time series forecasting
technique that predicts future values by computing the mean of all previous observations.

* VAR [5]: The VAR model believes that each variable is not only influenced by its previous values but also
by the past values of all other variables. It is well-suited for capturing intricate interconnections in time
series data.

 LSTM [38]: LSTM solves the gradient vanishing and gradient exploding problems by introducing memo-
ry units and gate mechanisms, effectively capturing long-term dependencies.
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+ DCRNN [8]: DCRNN introduces diffusion convolution, the idea of which is to extend the convolution
operation to the graph and consider the diffusion process between nodes to capture the spatial dependen-
cies in the graph structure.

»  Graph WaveNet [12]: The Graph WaveNet model provides a powerful approach to modeling spatiotem-
poral data by combining causal convolutions with an adaptive graph learning module.

* ASTGCN [33]: ASTGCN integrates the Graph Convolutional Network (GCN) and the attention mecha-
nism to accurately capture intricate relationships in spatiotemporal data.

*  STSGCN [39]: STSGCN efficiently captures intricate local spatiotemporal correlations via a well-crafted
spatiotemporal synchronization modeling approach.

*  GMAN [32]: GMAN utilizes an encoder-decoder design, with numerous spatiotemporal attention blocks
in both the encoder and decoder. This allows for the modeling of the influence of spatiotemporal elements
on traffic conditions.

*  MTGNN [13]: MTGNN presents a comprehensive graph neural network framework specifically tailored
for multivariate time series data.

*  DGCRN [40]: The DGCRN model provides an effective method for modeling spatiotemporal data by
combining dynamic graph convolutional networks and recurrent neural networks.

» STEP [10]: STEP proposes an innovative method that combines pre-training and ST-GNN, enabling the
model to learn richer spatiotemporal features.

*  PatchTST [16]: PatchTST performs specific optimization on time series data, dividing the time series data
into several small time slices (patches) and then processing them through the Transformer model.

4.4 Experimental Results

To evaluate the prediction accuracy of the proposed model, we conduct experiments on two real traffic datasets
and compare the model with thirteen other baseline models. Table 2 and Table 3 show the prediction results of all
models on the two datasets. As shown in Table 2 and Table 3, our method outperforms the baseline methods in
all indicators of both datasets, indicating the effectiveness of our method.

Statistical Analysis Methods HA and VAR perform the worst because they have strong assumptions about the
data, such as stationarity or linearity. LSTM is a classic recurrent neural network that performs poorly because
it only considers temporal features. Thanks to the strong ability of the attention mechanism to capture long-term
dependencies, GMAN performs well in long-term prediction. DCRNN and Graph WaveNet are two typical spa-
tiotemporal graph neural networks. Even compared with many newer models, such as ASTGCN and STSGCN,
their performance is still very good. Due to the introduction of long-term historical time series and modeling of
long-term trends, PatchTST and STEP both have good prediction performance. However, their prediction perfor-
mance is weaker than our model’s due to the lack of modeling of the periodic features of traffic flow.

Table 2. Experimental results of algorithm prediction performance on PEMS04

Method Horizon 3 Horizon 6 Horizon 12
oSS TMAE  RMSE  MAPE  MAE RMSE MAPE MAE RMSE MAPE
HA 2892 4269  2031% 3373 4937 2401% 4697 6743 35.11%

VAR 21.94 34.30 16.42% 23.72  36.58 18.02% 26.76  40.28 20.94%
LSTM 21.42 33.37 15.32% 25.83  39.10 20.35% 36.41 50.73  29.92%
DCRNN 20.34 31.94 13.65% 2321  36.15 15.70% 29.24 4481 20.09%
STGCN 19.35 30.76 12.81% 21.85 3443 14.13% 2697 41.11 16.84%
Graph
WaveNet
ASTGCN  20.15 31.43 14.03% 22.09 3434 1547% 26.03  40.02 19.17%
STSGCN 19.41 30.69 12.82% 21.83 3433 14.54% 2627  40.11 14.71%
MTGNN 18.22 30.13 12.47% 19.27 3221 13.09% 20.93 3449 14.02%
GMAN 18.28 29.32 12.35% 18.75  30.77 12.96% 19.95  30.21 12.97%
DGCRN 18.27 28.97 12.36% 19.39  30.86 13.42% 21.09 33.59 14.94%
STEP 17.47 28.46 12.10% 18.24  29.81 12.49% 1934 3152 13.26%
PatchTST 17.52 28.67 11.96% 18.23 2991 12.34% 1941 31.71  13.09%
OURS 17.43 28.38 11.62% 1822  29.53 12.24% 1924 3127 12.91%

18.15 29.24 12.27% 19.12  30.62 13.28% 20.69 33.02 14.11%
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Table 3. Experimental results of algorithm prediction performance on PEMS08

Methods Horizon 3 Horizon 6 Horizon 12
MAE RMSE  MAPE MAE RMSE MAPE MAE RMSE MAPE
HA 23.52 34.96 14.72% 27.67 40.89 17.37% 39.28 56.74 25.17%
VAR 19.52 29.73 12.54% 2225 3330 14.23% 26.17 3897 17.32%
LST™M 17.38 26.27 12.63% 2122 3197 17.32% 30.69 4396 25.72%
DCRNN 15.64 25.48 10.04% 17.88  27.63 11.38% 22.51 3421 14.17%
STGCN 15.30 25.03 9.88% 17.69 2727 11.03% 2546 33.71 13.34%
Graph WaveNet 14.02 22.76 8.95% 1524 2422 957% 16.67 2677 10.86%
ASTGCN 16.48 25.09 11.03% 18.66  28.17 12.23% 22.83 33.68 15.24%
STSGCN 15.45 24.39 10.22% 1693 2653 10.84% 19.50 3043 12.27%
MTGNN 14.24 22.43 9.02% 1530 2432 958% 1685 2693 10.57%
GMAN 13.80 22.88 9.41% 14.62 2402 9.57% 1572 2596 10.56%
DGCRN 13.89 22.07 9.19% 1492 2399 9.85% 16.73 26.88 10.84%
STEP 13.24 21.37 8.71% 14.04 24.03 9.46% 1501 2589  9.90%
PatchTST 13.31 21.65 8.65% 14.09 2393  941% 1553 26.36 10.05%
OURS 12.95 21.09 8.35% 13.68 2272  937% 14.55 24.25 9.88%

To assess the advantages of the method in long-term forecasting, we performed more sophisticated tests. We
calculated the Mean Absolute Error (MAE), Root Mean Square Error (RMSE), and Mean Absolute Percentage
Error (MAPE) for the model and several benchmark models over the subsequent 12 time intervals. We then plot-
ted the changes in these metrics. Fig. 4 and Fig. 5 show the results. From the figure, it can be observed that the
OURS method (the model proposed in the paper) outperforms the other baseline models for all time steps (1 to
12) and all metrics (MAE, RMSE, MAPE). Its advantages are mainly reflected in the following:

»  Stability for long-term prediction: the absolute errors at different time steps are smaller than those of other

methods, and the error growth rate is the lowest, reflecting its advantages for long-term prediction.

* Adaptation to different datasets: consistent performance is maintained on both datasets (PEMS04 and

PEMSO08).

The model’s excellent performance is mainly attributed to two modules: multi-scale gated temporal convo-
lution and multi-granularity random graph attention. The multi-scale gated temporal convolution module can
capture the long-term trend features in the long-term time series. The multi-granularity random graph attention
module can effectively extract periodic features in long-term historical time series. These modules enable the
model to better utilize the rich information in the long-term historical time series and thus stay ahead in long-
term forecasting.

—e— OURS
—§— Graph WaveNet
201 —— ASTGCN

—%— VAR

—8— OURS

—4— Graph WaveNet
—+— ASTGCN

3g { == VAR

—8— OURS

| —4— Graph WaveNet
—— ASTGCN

== VAR

184

14 4

18
28 124

2 a 6 8 10 12 2 a 6 8 10 12 2 a 6 8 10 12
Times Times Times

{a) MAE on PEMS04 (b) RMSE on PEMS04 (c) MAPE on PEMS04

Fig. 4. Performance changes of the model at different time steps on the PEMS04 dataset
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Fig. 5. Performance changes of the model at different time steps on the PEMS08 dataset

We display the forecast outcomes of the four nodes and juxtapose them with the actual data on the PEMS04
and PEMSO0S datasets. As depicted in Fig. 6, the upper part of the figure is the prediction result of Sensor 108 and
Sensor 178 on the PEMS04 dataset from January 2 to 4, 2018, both of which are weekends. Based on the results,
it is evident that the model demonstrates a highly satisfactory level of prediction accuracy across the board. Still,
due to the large random noise, the prediction of some local details may be inaccurate. The lower part of the figure
is the prediction result of Sensor 148 and Sensor 44 on July 2 to 4, 2016, on the PEMS08 dataset, both of which
are weekdays. Due to the weekdays, there is a lot of noise in the traffic signals, which makes the prediction
task very challenging. Nevertheless, the prediction results indicate that our model generates sensible forecasts,
demonstrating its resilience to traffic noise.
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Fig. 6. Prediction results of model on different nodes within two days

4.5 Ablation Studies
To assess the efficacy of the proposed components outlined in this research, we performed ablation experi-

ments and evaluated their performance on the PEMS04 dataset. Two variants were designed: (1) w/o MSGTC:
the model lacking the multi-scale gated temporal convolution module; (2) w/o MGRGA: the model lacking the
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multi-granularity random graph attention, and the precise information is displayed in Table 4. Fig. 7 displays
the outcomes of the ablation experiment. The original model shows the best performance in all three evaluation
indicators on the PEMS04 dataset. The figure clearly demonstrates that the model’s performance is inferior to
the original model in all three evaluation indicators when the multi-scale gated temporal convolution and the
multi-granularity random graph attention are not included. This further confirms that explicitly modelling the
long-term trend and periodic characteristics of traffic flow enhances the predictive performance of the model.

Table 4. Model comparison of ablation experiments

Model Multi-scale gated temporal convolution =~ Multi-granularity random graph attention
w/o MSGTC X 4
w/o MGRGA v X

Original v v

20.0
32.0

135

13.26
31.52

MAE
RMSE
MAPE

19.24 1291

21.0

w/o MSGTC

wfo MGRGA Original wio MSGTC w/a MGRGA
(a) MAE on PEMSO04

Original
(b) RMSE on PEMS04 (c}) MAPE on PEMS504

w/o MSGTC wfo MGRGA Original

Fig. 7. Ablation experiment on PEMS04 dataset

In order to further analyze the superiority of the multi-scale gated temporal convolution module and
multi-granularity random graph attention module designed in this paper compared with other method modules.
We conducted two sets of ablation experiments on the PEMSO0S8 dataset. In the first set of ablation experiments,
we replaced the multi-scale gated temporal convolution with dilated causal convolution and multi-scale Dilated
causal convolution, keeping the other modules of the model unchanged. In the second set of ablation experi-
ments, we also replaced the Multi-granularity random graph attention with self-attention and random graph atten-
tion, respectively, keeping the other modules of the model unchanged. The results are shown in Table 5 and Table
6.

It can be seen from Table 5 that the models using dilated causal convolution and multi-scale dilated causal
convolution will produce larger errors than the model using multi-scale gated temporal convolution because they
cannot capture the long-term trend of traffic flow from the long-term historical series well.

Table 5. Performance comparison of different temporal convolution modules

Module MAE RMSE MAPE

Dilated causal convolution 19.49 31.52 13.16%
Multi-scale Dilated causal convolution 19.37 31.41 13.09%
Multi-scale gated temporal convolution 19.24 31.27 12.91%

Table 6 shows that the prediction effect of multi-granularity random graph attention is better than self-atten-
tion and random graph attention. This is because multi-granularity random graph attention can effectively extract
periodic features from long-term historical sequences.

The results in Table 5 and Table 6 prove the excellence of multi-scale gated temporal convolution and
multi-granularity random graph attention proposed in this paper.
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Table 6. Performance comparison of different attention modules

Module MAE RMSE MAPE

Self-attention 19.61 31.70 13.26%

Random graph attention 19.33 31.48 13.03%
Multi-granularity random graph attention 19.24 31.27 12.91%

5 Conclusion

This research presents a novel framework for predicting traffic flow, namely A Long Term Transformer-based
spatiotemporal graph attention network. The framework is designed to accurately predict traffic flow by lever-
aging long-term trends and periodic features in historical time series data. The model first uses the Transformer
encoding layer to effectively learn compressed, context-rich hour-level subsequence representations from long
historical time series. Next, the multi-scale gated temporal convolution module is employed to extract the specif-
ic features of traffic flow’s long-term trend from the representation of hour-level subsequences. Subsequently, the
multi-granularity random graph attention module is used to capture the periodic features from the hour-level sub-
sequence data encompassing the previous two weeks and days. Ultimately, the long-term trend features, periodic
features, and short-term trend features are combined to yield the ultimate forecast findings. The proposed model
demonstrates a substantial enhancement in prediction accuracy when compared to earlier cutting-edge models,
as evidenced by experimental findings from two real-world traffic datasets. Furthermore, comprehensive ablation
research and visualization experiments emphasize the significance of each module used in the model for precise
traffic forecasts. However, the model performs relatively poorly in terms of reasoning time and applicability, and
cannot capture the dynamic spatiotemporal correlation of traffic flow well. Therefore, our future research goals
will first study the cross-domain applicability of the model architecture, especially its applicability in weather
forecasting and wind forecasting. Secondly, we will simplify the component modules of the model to reduce the
reasoning time. Finally, we will explore the dynamic characteristics of traffic flow so that the model can capture
the dynamic spatiotemporal correlation of traffic flow well.
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