IET Intelligent Transport Systems

| ORIGINAL RESEARCH @EIEDD

W) Check for updates

WILEY

|
I | I The Institution of
| Engineering and Technology

A Self-Correction Transformer Network for Traffic Flow
Prediction Under Dynamic Spatio-Temporal Distributions

Jingru Sun! | Ziyu Qiu! | Yichuang Sun? |

Oluyomi Simpson?

!College of Computer Science and Electronic Engineering, Hunan University, Changsha, China | 2School of Physics, Engineering, and Computer Science,

University of Hertfordshire, Hatfield, UK

Correspondence: Oluyomi Simpson (o.simpson@herts.ac.uk)

Received: 1 August 2024 | Revised: 23 April 2025 | Accepted: 2 May 2025

Funding: This work is supported by the following funding sources: the National Natural Science Foundation of China (62171182); the Natural Science
Foundation of Hunan Province (2025JJ50345); the Natural Science Foundation Project, Chongqing Science and Technology Commission
(CSTB2022NSCQMSXO0770); the Science and Technology Plan Project, Hunan Provincial Department of Transportation (202306); and the Hunan Emergency

Management Science and Technology Project (yjtkjxm_202407).

ABSTRACT

Precise and timely traffic flow prediction plays a critical role in developing intelligent transportation systems and has attracted

considerable attention in recent decades. The traffic flow has a non-stationary character in both time and space, when the

drift phenomenon appears, the traffic flow undergoes significant and sudden changes, bringing the challenge to the prediction.

This paper proposed a self-supervised learning-based adaptive spatiotemporal self-correction transformer traffic flow prediction
network (SCTNet). SCTNet can feel the drift with self-supervised learning, compute distribution features of the test data, obtain
the distribution difference signal, feed it into the model as network correction information, and then adjust the spatiotemporal

dependence of traffic flow adaptively to enhance prediction accuracy. The self-supervised learning method can adjust the model

quickly and smoothly, and be utilized in most existing traffic flow prediction models. The experiments demonstrate that compared
to existing models, the proposed self-supervised learning SCTNet has achieved state-of-the-art performance and exhibited strong
adaptability to the dynamically changing spatiotemporal distributions of traffic data.

1 | Introduction

Accurate and timely traffic flow prediction is crucial for the
successful implementation of intelligent transportation systems
[1, 2]. It can assist road users in making informed travel decisions,
alleviate traffic congestion, and improve traffic efficiency [3].
However, traffic prediction is highly challenging due to the inher-
ent non-stationarity, non-linearity, and dynamics of ordinary
time series data, as well as the complex spatial correlation of
traffic flow.

To research the non-stationary character of traffic flow, some
researchers started with mathematical models to simulate the

traffic flow, including microscopic and macroscopic approaches,
where macroscopic traffic flow models are of paramount impor-
tance to traffic surveillance and control. Macroscopic traffic flow
models include the first-order and higher-order models. With
the increasing complexity of road network structures and the
consideration of influencing factors that cause non-stationary
characteristics, factors such as weather and accidents have been
taken into account in traffic flow modeling.

Compared with first-order models, higher-order models have
a stronger modeling capability, therefore, higher-order macro-
scopic models have become the mainstream of traffic flow
modelling, one example of such a model is the second-order
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time-space-discretized traffic flow model [4], which has been
applied to freeway traffic flow modelling [5], traffic state esti-
mation, and prediction [6]. Such as Wang et al. proposed
METANET models [7], model complex traffic flow dynamics in
large-scale freeway networks with sufficient accuracy. Kang et al.
proposed a fractional time-varying grey traffic flow model based
on viscoelastic fluid [8], capturing the characteristics of a traffic
flow system changing with time, achieving better stability and
modeling effect.

However, the competence of a traffic flow model to reflect
traffic reality is enabled by two things: the model structure
and model parameters, once the structure and the parameters
are determined, the model is determined and does not have
the ability to self-correct. In non-stationary states, such as acci-
dents, researchers employ multiple models and switch between
different models, which is not preferable for real-time traffic
control, and proposed a high requirement for the researcher’s
experience.

Regression-based traffic flow prediction algorithms can be cat-
egorized as data-driven or model-driven, with the latter using
mathematical models such as AR [9], MA [10], ARMA [11],
ARIMA [12], and SARIMA [13, 14] to capture traffic flow dynam-
ics and make predictions. A rare advantage of above methods is
their innate adaptability. In particular, all autoregressive models
recalibrate their parameters upon the arrival of each batch of
data. These methods rely on challenging assumptions in real-
world scenarios, like stationarity and linearity. While differencing
can tackle stationarity, excessive differencing risks information
loss and complex models. Additionally, these methods model
individual time series and lack generality in estimating traffic
conditions across the entire road network.

The data-driven approach, utilizing historical data for prediction,
benefits from machine learning techniques, such as support
vector regression (SVR) [15], k-nearest neighbours (KNN) [16],
and other statistical machine learning methods [17, 18]. These
techniques significantly improve the accuracy of traffic flow
forecasting. However, machine learning reliance on human
experience for feature extraction [19], cannot be sufficient for
handling large and complex data.

Deep learning technology can handle large-scale data and auto-
matically extract relevant features and has emerged as adominant
approach for traffic flow prediction [20, 21], especially promoting
the development of temporal and spatial feature extraction
methods. For instance, STGCN [22] utilizes graph convolution
and temporal convolution to forecast traffic flow, while graph
attention graph convolutional network (GAGCN) [23] combines
graph attention network (GAT) and graph convolutional network
(GCN) to extract intricate spatial features and achieve precise
prediction outcomes with the assistance of CNN. HMIAN [24]
fuse other data, such as weather and holidays to improve the
prediction accuracy. The spatiotemporal traffic flow prediction
has shown promising results in enhancing prediction accuracy.
GSTRGCT [25] integrates spatial panel modeling with deep
learning via tensor decomposition, using DASWNN for adaptive
spatial dependencies and autocorrelated attention for temporal
patterns, achieving up to 62% and 59% performance gains on
real-world traffic datasets.
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FIGURE 1 | Thedistribution of changes in traffic data makes predic-
tions inaccurate.

The common structures of deep learning separate the training
stage from the testing stage to capture spatiotemporal static fea-
tures. However, traffic flow is an infinite and continuous unstable
time series data collected by sensors, has the characteristics of
data flow, as shown in Figure 1, daily average traffic flow data
obtained from RTMC' (Regional Transportation Management
Center, Minnesota Department of Transportation), showcasing
variations in traffic flow distribution across different periods,
predictions may become unreliable if the training data fails to
encompass these patterns. While some methods employ unique
network structures to extract non-stationary traffic or time series
features and demonstrate a certain level of adaptability [26, 27],
they still rely on training data and lack an effective mechanism to
discern differences between training and testing data.

To tackle the challenge of predicting traffic flow in non-stationary
situations, we propose an adaptive spatiotemporal traffic flow
prediction model called the self-correction transformer network
(SCTNet). This model is based on self-supervised learning and is
designed to analyse and adjust predictions in real-time, close to
the data source. Unlike traditional approaches that accumulate
data to retrain the network, our method eliminates the need for
retraining by continually processing the incoming data. The main
contributions of this paper can be summarized as follows.

* SCTNet addresses the challenge of time-varying data distribu-
tions in traffic flow prediction by incorporating an adaptive
enhancement module and a road network information fusion
module within a seq2seq encoder-decoder framework. The
model is modular and can be flexibly extended with alterna-
tive architectures or prior traffic knowledge to further boost
prediction accuracy.

* SCTNet leverages a self-supervised learning paradigm by
formulating auxiliary tasks that mitigate the limitations of
traditional supervised learning. This design enables the model
to adapt to distributional shifts in test data and iteratively
refine its predictions through self-correction mechanisms.

* Extensive experiments on real-world traffic datasets demon-
strate that SCTNet consistently outperforms state-of-the-art
baselines in terms of accuracy and robustness. These results
underscore the effectiveness and potential of SCTNet for
practical deployment in intelligent transportation systems.

Compared to traditional spatiotemporal prediction models that
often depend on periodic retraining and struggle to adapt to evolv-
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ing traffic conditions, SCTNet offers a unified and adaptive frame-
work capable of real-time adjustment to distributional changes
in traffic data. Moreover, unlike prior approaches that typically
decouple spatial and temporal feature modeling, SCTNet jointly
encodes these dimensions via a transformer-based architecture,
effectively capturing complex spatiotemporal interactions.

The remainder of this paper is organized as follows: Section 2
reviews the relevant literature and foundational techniques. Sec-
tion 3 details the proposed SCTNet architecture and its underlying
mechanisms. In Section 4, the model is evaluated on a real-world
case-study road network, and the prediction results are validated.
Finally, Section 5 summarizes the contributions and discusses
potential future research directions.

2 | Related Work
2.1 | An Overview of Traffic Flow Predictions

Based on the discussion in Section 1, traffic flow prediction
methods can be categorized into two groups: regression-based
methods and simulation or analytical methods. Simulation-
based methods, which are typically grounded in established
traffic theories and principles [1, 13], excel at providing accurate
predictions when the model aligns with objective facts. This
characteristic distinguishes them from regression-based models
that rely on training data. However, when faced with concept drift
(distribution shift), the prediction accuracy simulation-based
methods become ineffective.

Simulation-based methods include both macroscopic and
microscopic approaches. Macroscopic methods analyse vehicle
behaviour and interactions at a higher level of abstraction. In
contrast, microscopic methods concentrate on predicting traffic
flow based on individual roads, incorporating a more detailed
analysis. Representative methods in this category encompass
cellular automaton models [28] and car-following models [29].
Not only do these methods exhibit predictive capabilities, but
they also provide insights for traffic condition control, owing to
their robust theoretical foundation.

From a theoretical standpoint, they are not susceptible to con-
cept drift. However, modelling the transportation system itself
presents inherent challenges. The actual road conditions are
diverse and constantly changing, leading to the complexity
associated with these methods. For example, in well-known
dynamic traffic assignment methods [30], the initial step involves
constructing a dynamic origin-destination (OD) matrix. Utilizing
microscopic methods, traffic flow changes are simulated based on
road models, and the principles of game theory are introduced
to simulate the strategy of vehicle road selection, aiming to
achieve a system equilibrium. However, extending this approach
to the entire road network incurs significant costs. Agent-based
modelling (ABM) [31] simulates individual vehicle behaviours,
capturing dynamic interactions that influence overall traffic flow.
This method allows for a more granular understanding of traffic
dynamics by considering the actions of each vehicle.

In the age of escalating data volumes, traditional regression-
based methods have transitioned to deep learning techniques.

These approaches are experiencing swift evolution, giving rise
to various methodologies like [24, 32, 33]. Despite their progress,
some challenges have been either overlooked or persistently
unresolved. Among these challenges lies the accurate prediction
of traffic flow in scenarios marked by shifting distributions.

2.2 | Self-Adaptive Prediction and Self-Supervised
Learning

The Kalman filter [34] is the most well-known approach for
self-adaptation. This recursive filter effectively reduces noise and
estimates the system state based on incomplete information by
efficiently sampling current observations. The concept of Kalman
filtering has broad applications in navigation and control [35],
signal processing [36], and even econometrics [37]. In traffic flow
prediction [38], the Kalman filter is widely used. However, it
assumes a linear system state space and Gaussian-distributed
noise, not suitable for big data environments.

As mentioned in Section 1, statistical methods possess inherent
adaptive capabilities. These methods, such as AR, MA, ARIMA,
and SARIMA, determine the model order based on the input
data and optimize the linear parameters of each component
using statistical theories like maximum likelihood estimation.
The above methods in the above approach start from basic
mathematical assumptions and gradually build a comprehensive
mathematical model. Among them, SARIMA is the most complex
and has strong fitting capabilities for non-stationary periodic
data. Reference [13] presents a traffic flow prediction model
based on SARIMA specifically designed for weekly periodicity.
Reference [14] provides a detailed comparison between SARIMA
and various parametric and non-parametric prediction methods.

Currently, several adaptive algorithms based on deep learning
have been proposed. Such as, in the field of fault detection, the
approach in [39] applies adaptive ideas. Similarly, the method
proposed in [40] implements a self-adaptive time series anomaly
detection algorithm. Tonioni et al. [41] propose an online algo-
rithm for continuous adaptive stereopsis that employs unsuper-
vised learning to calculate errors and online back-propagation to
the neural network. This approach aims to correct the sharp drop
in the algorithm’s accuracy caused by the significant difference
between the usage scenario and the training data. An adaptive
algorithm that also computes unsupervised loss and updates
network parameters online is proposed in literature [42] for
non-stationary time series forecasting. Framework Adarnn [26]
tackles the distribution shift problem in time series forecasting
by addressing temporal covariate shift (TCS) using adaptive algo-
rithms for characterizing and matching temporal distributions,
resulting in enhanced accuracy and minimized error.

Self-supervised learning has been widely used to train the
network on unlabelled data and leverage auxiliary tasks to
extract meaningful information. BERT [43] is a popular natural
language processing model that learns the inherent nature of
language by randomly masking words in the text and predicting
them based on massive amounts of data. Several self-supervised
learning tasks have been introduced in recent times. Literature
[44] enables multi-sensor data representation through self-
supervised learning. Another approach, described in [45], trains
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an ensemble model comprising multiple LSTM neural networks,
using unsupervised methods, to detect outliers in time series.
Similarly, the authors in [46] have developed a time series change
point detection algorithm based on the contrastive method in
self-supervised learning.

2.3 | Advancements of SCTNet Based on Related
Work

The non-stationary characteristics of time series are prevalent
in traffic flow data and cannot be overlooked. While deep
learning typically requires labelled data, labels for test data are
often unavailable. Self-supervised learning addresses this issue
by enabling the neural network to adapt without the need for
explicit labels. Inspired by previous studies such as [41] and [42],
SCTNet tackles the challenges posed by dynamic spatio-temporal
distributions, improving algorithm performance. Building upon
these insights, SCTNet introduces a sub-network structure that
uses input data to calibrate prediction results in real-time.
Unlike the mentioned methods, which often require frequent
online updates, SCTNet avoids continuous network updates,
simplifying implementation. This design choice ensures greater
stability and eliminates concerns related to model degradation
and catastrophic forgetting. As a result, SCTNet not only reduces
computational complexity but also becomes more robust for
deployment in real-world traffic scenarios.

3 | Methodology
3.1 | Problem Definition

We provide a formal definition of the spatiotemporal traffic flow
prediction problem using a topology graph G = (V,E,A). The
adjacency matrix A captures the relationship between vertices,
where the connection metric A;; between vertices v; and v;
can be a spatial distance or other similarity that may vary over
time. The spatiotemporal graph X[g represents the state of the
road network, with c traffic flow feature data for N vertices
generated at time ¢ (e.g. primarily traffic speed, along with flow
rate and occupancy) sampled at the same frequency for each
detector.

For the spatiotemporal traffic flow prediction problem, the
neural network takes a set of time-correlated graph signals X, =
[X;‘T‘l, ,X’g‘l] as input, and produces the prediction for the

state at time ¢ as Y, = [S?g,, ,S?g"/] , which can be expressed as

either
. 1 L Te prer
X5 X5 [V 2] )
or
Y0 25| = (X7 X5,6), @

where 7’ represents the prediction length, 7 represents the length
of the time dimension of the input sequence (which is referred
to as spatiotemporal graph in the previous context), and f refers

[Hrg—r—l’ . Hg—m—l} [th—m" . th—l}

1 2
Encoder |:|—> —>

. 3
X5 X | o Do
E— idden Vectors . uxtiiary Decqder
~ St
[¥5, X5
3 4
|| = —
' [Ht*ﬂ'*l’ . ’szl} H
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—>: Feed-Forward  ---> : Back-Propagation - --3 : Error Signal

FIGURE 2 | The overall structure of SCTNet and the flow of data
illustrated using the example of the prediction auxiliary task. The
numbers indicate the execution steps of the algorithm.

to the function relationship that needs to be learned by the deep
learning model.

3.2 | Overview of the Network

The SCTNet network framework is illustrated in Figure 2. It
consists of an encoder, an auxiliary decoder, and a decoder, and
the process involves training and testing phases.

During the training phase, the input data undergoes self-
supervised learning based on the auxiliary task. When perform-
ing the prediction auxiliary task, the input data is separated into
input features and labels. The encoder encodes input features
and the auxiliary decoder decodes them to predict Y,. The loss
is calculated as £, = Y, — Y. The term L, refers to the difference
between the traffic system features learned by the network and
the current traffic data distribution. This difference is then used
as an error signal to adjust the decoder. Next, the original input X
is sent to the encoder-decoder network for prediction, resulting
in Y. The model then calculates the prediction loss £, which is
used to update the parameters of the encoder, auxiliary decoder,
and decoder. This process is described by the pseudocode in
Algorithm 1.

During the inference stage, the algorithm performs self-
supervised auxiliary tasks to obtain a loss value £,. This loss
value allows the algorithm to sense dynamic changes in the
transportation system. Next, the input data X is encoded, and the
loss tensor L, is sent to the decoder. The decoder then decodes
the loss tensor to produce the corrected prediction value, Y,
which is explained in detail in Algorithm 2.

The encoder and decoder structures, shown in Figure 5, are
similar to the Transformer architecture. The encoder, located
on the left side, learns the representation of input data. On
the other hand, the decoder, placed on the right side, performs
various prediction tasks and can also function as an auxiliary
decoder. In the upcoming sections, we will introduce the
design of the self-supervised task, along with the temporal and
spatial feature extraction modules. Afterward, we will provide a
thorough explanation of the encoder and decoder architecture,
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ALGORITHM 1 | Training phase pseudocode.

Input: Training Dataset: D, Number of Iterations: I , Auxiliary
Task Type: T , Mask Length: m
fori < 1toIdo
for [X 7, -+ X [YL, -, YT | € Ddo
X « [th’f’l, ,)’(gl];
Y « [Yg., ,Yg“ 1;
if T = Prediction then
X, < (X X
Y, < (K57, X,
else if T = Reconstitution then
X, « (X570, X5,
Y, o X X
end
Y, = decoder, (Q,; encoder (0;X,), [X,; X, ]);
L, < Loss, (Y,,Y,);
Y = decoder (Q; encoder (0;X), [X,; L£,]);
L < Loss (Y,Y);
UpdateQ,0 and Q;
end

end
Output: 0, Q, Q,

ALGORITHM 2 | Inference phase pseudocode.

Input: [X; ", ---,X( '], Auxiliary Task Type: T, Mask Length:
m
X o [XGT, e X,
if T = Prediction then
t—7-1 t—m—17.
X, < [X} x%m I
t—-m t—117.
Ya<_[Xg "",Xg ]y
else if T = Reconstitution then
Xa « [thirils R Xlgil]a
Y, « (X1, XET;
end
Y, = decoder,(Q,; encoder(®; X,), [X,; X,]);
L, < Loss, (Y,,Y,);
Y = decoder(Q; encoder(0; X), [X,; £, ]);
Output: ¥

which both include spatiotemporal feature extraction
methods.

3.3 | Auxiliary Tasks Based on Self-Supervised
Learning

Self-supervised learning aims to address the problem of limited
labelled data by creating unsupervised auxiliary tasks. A straight-
forward approach presented in this paper involves dividing the
input features into two segments. The first segment is used to
predict the masked second segment, which results in a prediction
error. This error is then used to guide the network to adjust
the prediction. This approach offers a simple and direct way to
improve the accuracy of the prediction. The second half sequence
is masked and can be used as labelled data. This converts

X3 Xg X; X Xg Xp X3 Xp Xg
N N S S S g ey S

i Decoder Decé)der
T A 5 A T AT AT AT AT A
Hgl .. J I H Hg A S S S T P

[ Encoder Encoder J

J
¢¢¢¢¢¢[111111

X(g) X(I} X?_; [mask] [mask] [mask] Xg Xé Xé XZ; Xé Xg

(a) Prediction Task (b) Reconstitution Task

FIGURE 3 | Two strategies based on self-supervised learning: predic-
tion task (a) and reconstruction task (b).

supervised learning into unsupervised learning (Figure 3a. This
process can be formally represented as:

[, X)L e g ®)

where m controls the input and label length of the auxiliary task.
f' represents the learned function for the auxiliary task.

Another classic approach is the autoencoder [45, 47]. The basic
idea is to encode the input graph signal sequence Xé into a
hidden space using a neural network and then decode it to
obtain the reconstruction z\?é of the input signal. The network is
trained by comparing the deviation between the input sequence
representing the “previous” state and the reconstruction signal
representing the “current” state, to learn the distribution char-
acteristics of the input signal. This is formally represented as
follows,

- g g
[XE, L X (R XET @

To prevent the network from simply outputting the input signal,
the auxiliary task reconstructs the input data in reverse order. As
shown in Figure 3b.

3.4 | Embedding Layer

Neural networks are suitable for processing low-dimensional,
dense continuous features. To process traffic flow data, it is
first fed into an embedding layer, which projects it into a
low-dimensional space using a linear transformation.

E = WX, L, XS, )

where W € R™Fin and the same calculation is performed for each
time step ¢ — i, resulting in E' € RN>*™Fou,

The embedding layer uses time encoding to represent temporal
relationships. Unlike RNNs that model sequential order directly,
the SCTNet algorithm employs attention mechanisms to cap-
ture time series dependencies. However, attention mechanisms
alone do not account for the temporal order of time steps. To
resolve this issue, SCTNet incorporates sine-cosine time encod-
ing, which is similar to the Transformer, to include temporal order
information. The computation can be expressed as follows:

PE(pos, 2i) = sin(pos/lenmﬁ/F) s (6)
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PE(pos,2i + 1) = cos(pos/len,,,Zi/F) , @)

PE = PE(pos, 2i) @ PE(pos, 2i + 1), 8

where the position of each time step is represented by pos, and a
parameter len,, is introduced to prevent cyclic repetition of time
encoding. Typically, len,, is set to a large integer value, such as
10,000, based on the sequence length. The even and odd positions
of the encoding vector are denoted by 2i and 2i + 1 respectively,
and @ represents concatenation. Equation (8) alternates between
sine and cosine encoding to obtain the position encoding PE €
R™>F where F is the feature dimension and 7 is the sequence
length. Finally, the position encoding is added to the feature
obtained from the embedding layer:

E=PE+FE. ©)

3.5 | Temporal Feature Extraction Method

To enhance the accuracy of the model, SCTNet’s spatial feature
extraction module employs graph attention mechanisms. The
model initially extracts time features and then combines them
with features from other time steps. This integration of feature
vectors for the complete input sequence during graph attention
helps in improving the model accuracy.

In the temporal feature extraction layer, the algorithm uses a
structure similar to transformer and informer [48]. The temporal
feature extraction uses the famous scaled dot-product attention
mechanism:

.
E=W,- softmax< LS )V, (10)

where E is the feature obtained through the embedding layer,
the query vector Q = WPE € RV*™F | the key vector K = WXE €
RN™F the value vector V.= WYE € R¥V™F Dividing the atten-

tion score by \/1? helps to ensure numerica} >stability and

exp(z;
the attention score to obtain the attention distribution of the
query vector. Introducing a multi-head attention mechanism can
extract more complex features, and the complete calculation is as
follows:

convergence in the calculation. softmax(z);, = normalizes

E, = MultiHead(Q, K, V)

= W, - Concat(head,, head,, ..., head,,), 1)

where head; = softmax(%)vi S fog(i € 1,...,h) represents
the features extracted by each attention head between time steps,
Q; = W2E € R%/", K, = WKE € R*/", V, = W/E € R™F/h,
and Concat(-) represents concatenation operation. The calcula-
tion of each attention head head, is consistent with Equation (10).
They are concatenated in order and then subjected to a linear
transformation using parameter matrix W,,.

Due to the autoregressive nature required for modeling time
series, the current time step can only be correlated with previous

time steps. In attention-based models, the entire sequence E is
input to the network at once. However, this approach includes
future time steps when calculating attention scores, which can
negatively affect the prediction performance. To address this
issue, SCTNet uses a mask matrix M [49] to simulate causal
convolution. This technique helps to improve prediction accuracy
by limiting the model’s knowledge of future time steps, as the
mask matrix only allows the network to attend to past and present
information. The mask matrix M is defined as follows:

1 —inf --- —in
R (12)
11 1

The matrix M is a lower triangular matrix used for masking.
Each element M;; of the matrix represents whether the time steps
between i and j should be masked. If i is less than or equal to j,
then M;; is given a value of 1. Otherwise, it is assigned a value of
—inf. This mask matrix is then multiplied element-wise with the

T
attention score softmax( %) to generate the attention weights for

each time step.

T
Attn = softmaX<M ® QK )

VF
0
0

a, O
_ % @2 13)
Ay Azt Qg

3.6 | Spatial Feature Extraction Method

The SCTNet model utilizes graph attention networks (GATS) to
extract spatial features. The method used to calculate the multi-
head graph attention network deviates from the one described
in the literature [50]. To simplify implementation, a key-value
attention calculation method similar to the one used in the time
feature extraction layer is adopted. For example, let’s consider a
vertex v € G with its feature at time ¢ denoted as h} € RY. The
attention mechanism calculates the similarity weight between
h{ and other vertices u € V in the road network using this
procedure:

© Woh (W)
Sou = ————> (14)

VF/h

where s., € R, i represents the index of attention heads, and h
represents the total number of attention heads. For the entire road
network, Equation 14 can also be written as:

wWoH! (WEHY)'

N

Afterward, the normalized correlation coefficients are computed
for each column of S using the softmax function. ., represents

S! € RNV, @s5)
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Bt = softman( ) B = llas — ki
vi = softmax(——— = ||go — ki
Tk i q 1
1 1
Eheads T Eheads T

FIGURE 4 | Spatial feature extraction.

the similarity between vertices v and u for attention head i:

, exp (Stu
Bl = # 6)
T peni XP(Suw)

where W, is the set of all neighbours of vertex v. The attention
weights 8 computed by Equation (16) are used to generate the
features of each vertex:

hi= ) B, (W/h), 17)

UEN,

where W/ € RV¥/" is the value vector transformation matrix.
Since all vectors belong to the same time step in spatial attention
calculation, the time step notation ¢ is omitted for simplicity in
the equation above.

The matrix calculation takes the following form:

h, =

L

=

| a< > rsiuwrhi,), (18)

1 UEN,

where the subscript or superscript i represents the number
of attention heads, corresponding to different feature matrices
WY The design of multi-head attention mechanism can result
in more complex feature representation of vertices. As can be
seen from formulas (16) and (17), there are a large number of
softmax calculations in the algorithm, which can slow down the
computation speed.

Referring to the processing method in [51], SCTNet further opti-
mizes the calculation of the spatial feature extraction layer. Here,
SCTNet uses different similarity measurement algorithms to
replace the softmax function in some attention heads to improve
the efficiency of the algorithm. Therefore, when calculating
the attention coefficients, SCTNet replaces half of the attention
heads’ similarity calculation with the 1-norm:

ﬁf}u: ||%‘k&||1, (19)

where the qf)'z WZh), and ki, = WXh), in which g}, is the query
matrix and k;, is the key matrix, as shown in Figure 4.

~ ~ !

Prediction Layer

s )
@Y Y, HE Y e ROVF Add & Norm
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FIGURE 5 | Structure of encoder and decoder.

3.7 | SCTNet Encoder and Decoder

SCTNet uses a structure and method that closely resembles
transformer, taking into account three factors. First, sequence
processing is required for time series tasks, much like for transla-
tion tasks. Second, the transformer model has strong modeling
capabilities. Third, unlike other encoder-decoder architectures,
the transformer model’s decoder has two inputs, making it a great
tool to incorporate error information accurately into predictions.

The encoder consists of temporal and spatial feature extraction
layers and a fully connected layer, and its detailed structure is
shown in Figure 5. The input data is first projected into low-
dimensional vectors by an embedding layer and combined with
time encoding to obtain features E. Then, E is fed into the
temporal feature extraction layer to extract temporal features
by attention mechanism, and the results are further processed
by the spatial feature extraction layer to extract spatial features.
The temporal feature extraction layer and the spatial feature
extraction layer can be encapsulated into a spatio-temporal
feature extraction module (masked spatial-temporal attention
in Figure 5). Similar to the attention mechanism, the results
processed by the spatio-temporal feature extraction module are
then sent to a fully connected layer for further processing, which
also uses residual connections. This process also employs residual
connections F = x + sublayer(x) and layer normalization [49].
The encoder repeats the above operations multiple times to obtain
the hidden state H of the input sequence after encoding:

The decoder, like the encoder, also uses a standard structure
similar to the transformer. The decoder consists of a spatial-
temporal attention module, a cross-attention module (multi-head
attention in the decoder in Figure 5), and a fully connected layer,
as shown in the decoder of Figure 5. The design of the decoder
refers to the structure of the Informer network proposed in [48].
The decoder has two inputs, which are the output of the encoder
H and a guiding vector. The guiding vector is composed of a
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start token and an error signal tensor generated by an auxiliary
task, and is sliced from the first 7 — m time steps of the input
sequence X, denoted as [X‘g"‘l, ,X’C‘”"l]. The guiding vector is
generated differently in the auxiliary task stage and the prediction
task stage:

X,, = [th—‘rfl’ . ng*mfl] || [X(l), s Xom] ) (20)
Xy = [X50 0 XS [, 2] @1

X, € RV s the guiding vector of the encoder.
Equations (20) and (21) represent the guiding vectors used
in the auxiliary task and final prediction task, respectively.
[th’f’l, ,X‘g”"’l] is the start token, X, is a tensor sequence of
the same length as the auxiliary task prediction, with all values
set to 0, and £, = ¥, — Y, represents the error information. ||
represents the operation of concatenating vectors. The guiding
vector goes through an embedding layer, time encoding, a
spatial-temporal attention module, and a cross-attention layer
for the attention mechanism calculation.

The decoder’s cross-attention layer, also known as “multi-head
attention,” shown in Figure 5, is computed similarly to the
time feature extraction layer. To put it simply, the query vector
is derived from the guiding vector, while the key and value
vectors are based on the input of the encoder. This enables better
integration of the features obtained from the encoder and the self-
supervised auxiliary task’s error information into the prediction
process. As X, is not suitable for direct input to the network,
another embedding layer with independent parameters is used to
transform it and add time encoding to obtain Eg4,. The resulting
E,. is then used to generate query, key, and value vectors:

Q=W/E,,K =WFE,,V=WE,, (22)
where E,, = H represents the encoded inputs.

Subsequently, the intermediate feature E is obtained by multiply-
ing the similarity matrix §' € R *)** with V using Equation (10).
The obtained E is then passed through a fully connected layer
with residual connection and layer normalization, followed by a
rectified linear unit (ReLU) activation. This process is repeated
multiple times to extract spatio-temporal features, which are
finally processed by the prediction layer to obtain the predicted
results.

Y, =W, ReLU(W,E+b,) +b,, (23)

where W, € RF*F/2 and W, € RF/?* are learnable parameter
matrices. The predicted values Y of interest are obtained by slicing
the tensor Yg: ¥ =Yg, | . .

The loss function measures the difference between predicted
values and true values, which, in combination with the backprop-
agation algorithm, updates the network parameters. In this study,
we use the Huber loss [52] (also known as SmoothLl loss) as the
loss function, which is defined as follows:

f(x-9) )2 [y-¥|<s

£(Y,Y) = K , 24
(v.¥) {5|Y—Y|—52/2 otherwise ()

where § is a threshold parameter that controls the range of
the squared error loss. We choose the Huber loss because it
is relatively insensitive to outliers, making it more effective in
removing the influence of noise. The Huber loss uses the squared
error when the prediction error is less than or equal to §, while it
uses the linear error when the prediction error is greater than &.

4 | Experiments
4.1 | Performance Evaluation Metrics

Traffic flow prediction is a classic regression problem. The
common metrics used to evaluate the performance of a regression
model are mean absolute error (MAE), root mean square error
(RMSE), and mMean absolute percentage error (MAPE).

4.2 | Datasets

PeMS-Bay: The PeMS-Bay dataset is a vehicle speed dataset
derived from the PeMS system, which monitors and analyses
real-time traffic conditions in California highways. It specifically
covers traffic flow data in the San Francisco Bay Area, consisting
of 325 sensors.

METR-LA: The dataset is collected from 207 loop detectors on
highways in Los Angeles. The dataset contains vehicle speed data
sampled from March 2012 to June 2012.

The experiment will conduct data cleaning on the two datasets
mentioned above to perform linear interpolation on missing data.
This is done to prevent errors in calculating MSE loss, which
could cause weight updates of neural networks to fail. It also
avoids division-by-zero errors when evaluating the MAPE error
of the model. The statistics of the experimental datasets is given
in Table 1.

To avoid exploding and vanishing gradients and enable the
network to converge more quickly, the algorithm will perform
RevIN instance normalization [53] on the data. The normalized
data is compressed into the range of [0,1], which is beneficial
for improving the stability and effectiveness of network training.
The mean and variance of the data need to be preserved for later
restoration, i.e. reverse normalization.

4.3 | Hyperparameter Settings

SCTNet consists of 8 key hyperparameters, including learning
rate, batch size, epoch, encoder and decoder layer numbers,
embedding dimension, attention head number, and dropout rate.
To achieve optimal performance, a grid search is employed in
this experiment to determine the best experimental parameters.
The input sequence length is set to 12 time steps (r = 12), and
the model predicates future traffic data for 3, 6, and 12 time
steps (7/ = 3, 6,12), comparing prediction errors every 15, 30, and
60 min. During the training phase, the network parameters are
optimized using the Adam optimizer in PyTorch. This optimizer
is adaptive and adjusts the learning rate based on the loss. The
initial learning rate of Adam is set to 1 x 107, with betas set to
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TABLE 1 | Statistics of experimental datasets.

Datasets Sensors count Sampling period Timesteps Means Standard deviation
PeMS-Bay 325 2017/1/1 00:00:00-2017/6/30 23:55:00 52,115 62.61 9.59
METR-LA 207 2012/3/1 00:00:00-2012/6/27 23:55:00 34,272 53.71 20.26
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FIGURE 6 | The predicted fitting curve for detector 407157.
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FIGURE 7 | The predicted fitting curve for detector 407187.

(0.9,0.999). The model is trained for 50 epochs, with a batch size of
16, an embedding dimension of 32, 4 encoder and decoder layers, 4
attention heads, and a dropout rate of 0.2. The loss function delta
is set to 0.1. The historical average method utilizes the average
value of input values from each time series as the prediction. The
ARIMA model is best suited for non-stationary time series and
serves as an important reference model. In comparison, SARIMA
incorporates seasonal information and is more appropriate as
a benchmark. However, it runs very slow for data with large
seasonal periods. For this reason, we conducted separate compar-
ative experiments using the PeMS-Downsampled dataset (derived
from PeMS-Bay through downsampling), which still consists of
325 vertices.

In addition, tuning the parameters for a univariate ARIMA
model can be challenging. In this experiment, we directly
used the auto_arima function from the pmdarima? package
to determine the parameters. This function combines the AIC
(Akaike Information Criterion) and BIC (Bayesian Information
Criterion) criteria to select the optimal model, ensuring more
reliable experimental results while reducing the workload of
parameter selection.

4.4 | Forecasting Performance
4.4.1 | Visualization of Predictions
The prediction results on the PeMS-Bay dataset for four randomly

selected detector nodes are displayed in Figures 6 to 9. The
SCTNet model’s performance is relatively weaker during traffic

Traffic Speed (km/h)
o
&

Ground Truth
GCTCN

64

00:00 06:00 12:00 18:00 00:00
2017-May-18 2017-May-19

FIGURE 8 | The predicted fitting curve for detector 414282.
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64{ —— Ground Truth
—— SCTNet

63
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2017-May-18 2017-May-19

FIGURE 9 | The predicted fitting curve for detector 414694.

peak periods, as it faces the challenge of predicting unpredictable
traffic surges. However, the model’s adaptive nature allows it
to adjust and improve predictions when traffic data fluctuate.
Despite variations in fitting accuracy among detectors, the SCT-
Net model effectively captures spatiotemporal features and trends
in traffic flow changes at different locations. It successfully
identifies the onset and end of peak periods, aligning with
actual distribution patterns, aiding in predicting congestion, and
explaining traffic phenomena.

4.4.2 | Comparison Experiment Results

Tables 2 and 3 present the comparison results between SCTNet
and baseline models for different prediction horizons on PeMS-
Bay and METR-LA.

Comparative analysis shows significant improvements in all
metrics with SCTNet (utilizing the prediction auxiliary task), a
mean increase of 10.1% in MAE accuracy, approximately 15.4%
increase in MAPE, and an average increase of 27.0% in RMSE.
Online error signals during testing adjust the dynamic weight
relationship and learn spatial correlations.

Ablation experiments confirm the importance of the auxiliary
task for prediction accuracy, but SCTNet still outperforms other
models. However, it still outperforms other models, which con-
firms the effectiveness of the auxiliary task in enhancing the
prediction accuracy. The self-supervised learning mechanism
and attention-based spatiotemporal Transformer modules con-
tribute to the improvement in predictive accuracy. Incorporating
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TABLE 2 | Comparison of multi-step prediction errors on the PeMS-Bay dataset.

MAE RMSE MAPE(%)

Model 15 min 30 min 60 min 15 min 30 min 60 min 15 min 30 min 60 min
HA [54] 1.89 2.50 3.51 4.30 5.82 7.54 4.16 5.62 7.65
ARIMA [54] 1.62 2.33 3.38 3.30 4.76 6.50 3.50 5.40 8.30
VAR [55] 1.74 2.32 2.94 3.16 4.25 5.44 3.60 5.00 6.50
FNN [19] 2.20 2.30 2.46 4.42 4.63 4.98 5.19 5.43 5.89
SVR [56] 1.85 2.48 3.28 3.59 518 7.08 3.80 5.50 8.04
FC-LSTM [57] 2.05 2.20 2.37 4.19 4.55 4.96 4.80 5.20 5.70
DCRNN [58] 1.38 1.74 2.07 2.95 3.97 4.74 2.90 3.90 4.90
STGCN [22] 1.36 1.81 2.49 2.96 4.27 5.69 2.90 4.17 5.79
GMAN [32] 1.27 1.62 2.21 2.60 3.61 4.93 2.64 3.67 5.23
BTMF [59] 1.43 1.81 2.63 3.18 4.59 5.69 3.23 4.21 6.25
SCTNet! 1.37 1.74 1.98 2.53 3.64 4.72 2.67 391 4.57
SCTNet? 1.42 1.89 2.10 2.84 3.93 4.49 3.09 4.32 4.86

1The model using the prediction auxiliary task, and the following text is the same as this.

2The model using the reconstitution auxiliary task, and the following text is the same as this.

TABLE 3 | Comparison of multi-step prediction errors on the METR-LA dataset.

MAE RMSE MAPE(%)

Model 15 min 30 min 60 min 15 min 30 min 60 min 15 min 30 min 60 min
HA 4.79 5.47 6.99 10.00 11.45 13.89 11.70 13.50 17.54
ARIMA 3.99 5.15 6.90 8.21 10.45 13.23 9.60 12.70 17.40
VAR 4.42 541 6.52 7.80 9.13 10.11 10.2 12.70 15.80
FNN 3.99 4.23 4.49 7.94 8.17 8.69 9.90 12.90 14.00
SVR 3.39 5.05 6.72 8.45 10.87 13.76 9.30 12.10 16.70
FC-LSTM 3.44 3.77 4.37 6.30 7.23 8.69 9.60 10.09 14.00
DCRNN 2.77 3.15 3.60 5.38 6.45 7.60 7.30 8.80 10.50
STGCN 2.88 3.47 4.59 5.74 7.24 9.40 7.62 9.57 12.70
GMAN 2.85 3.30 3.91 5.29 6.35 7.54 7.46 9.37 11.68
BTMF 3.21 3.65 4.89 6.34 7.31 8.29 9.45 11.56 14.47
SCTNet! 2.68 3.19 3.52 5.65 6.60 7.46 8.29 9.95 11.06
SCTNet? 2.90 3.34 3.89 5.72 6.70 7.65 8.42 10.16 12.31

self-supervised enhancement techniques in training leads to
faster and easier convergence and enhances the model’s robust-
ness.

Traditional machine learning algorithms, like SVR, are inferior to
deep learning algorithms. Machine learning methods rely on data
assumptions and struggle with large amounts of traffic flow data
that spans a long period. In contrast, deep learning algorithms,
such as FC-LSTM, can handle such data but have limitations in
modeling spatial correlations compared to SVR. Graph neural
network methods offer more versatility as they require training
only one model instead of multiple LSTM or SVR models in
parallel to cover all vertices.

STGCN, with its simple structure of causal and graph convo-
lutional network with three layers, has limited capability in
extracting long-term time features due to its restricted receptive
field and shallow network depth. The predefined Laplacian
matrix in GCN further limits the fixed receptive field of the
convolution kernel. Consequently, STGCN falls behind SCTNet
on datasets like PeMS-Bay and METR-LA.

Based on Sections 1 and 2.2, it is known that statistical-based
methods require determining the orders and coefficients based
on the training data before making predictions. Therefore, they
have a natural adaptive property. A comprehensive experimental
design must include them for comparison. The SARIMA model
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TABLE 4 | Comparative experiment on PeMS-Downsampled
dataset.

model MAE RMSE  MAPE (%)
ARIMA (auto, T = 6) 428 5.28 5.76
ARIMA (auto, T = 12) 481 6.67 7.74
SARIMA (auto, T = 6) 3.19 4.45 5.67
SARIMA (auto, T = 12) 3.37 5.27 6.69
SCTNet (T = 6) 2.40 4.29 4.58
SCTNet (T = 12) 2.94 5.29 5.67

The term “auto” in parentheses represents the usage of the auto_arima
method to determine the parameters for each input. “T = 6” indicates a
prediction length of 6. “SCTNet” refers to the model that incorporates auxiliary
prediction tasks.

is not only suitable for non-stationary data but also capable
of handling traffic flow data with clear periodicity. It is an
ideal benchmark model. However, due to the high sampling
frequency of the PeMS-Bay and METR-LA datasets, with a
minimum period of 288, the SARIMA model struggles to handle
such large periods. Therefore, in this study, we preprocess the
PeMS dataset by downsampling it to a period of 6 and include
corresponding comparative experiments to facilitate comparison
with the SARIMA model.

Table 4 presents the comparison results between SCTNet and
the benchmark ARIMA and SARIMA models on the PeMS-
Downsampled dataset. Each input data (training data) has a
length of 48 (Approximately 8 cycles, exceeding 1 week of data),
which is sufficient for ARIMA and SARIMA. It can be observed
that the statistical models perform worse than SCTNet, as dis-
cussed earlier. Additionally, SARIMA and ARIMA are univariate
time series models, requiring the determination of orders for each
sequence in the road network, making the process cumbersome.
Their generality is noticeably inferior to deep learning-based
spatio-temporal traffic flow models. Furthermore, the automatic
determination of (p, d, q) and (P, D, Q) for each training data
segment using the “auto_arima” function from the pmdarima
package is a slow process and has slower computational speed
compared to all deep learning models.

Figures 10 and 11 illustrate the evolution process of the spatial
attention matrix and the temporal attention coefficients at differ-
ent time steps of the model on the PeMS-Bay dataset, indirectly
demonstrating the adaptive ability of the algorithm. Figure 10
shows the spatial attention matrix during the training phase
(only the attention weights of the first 50 vertices are displayed),
revealing that the model gradually extracts spatial correlation
information from the data during the training process. As shown
in Figure 11, the model can adaptively adjust the weights between
time steps for different input sequences, dynamically extracting
temporal relevance.

4.4.3 | Validation of Adaptive Capabilities

The experiment selected four sets of non-stationary data, 400211,
400227, 414282, and 414694 from the PeMS-Bay dataset, as shown
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FIGURE 10 | The weight values of attention head 1 undergo a
changing process.
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FIGURE 11 | The temporal attention coefficients in dataset 400001.

in Figure 12. It can be seen from the figure that the mean and
variance of the training data of 400211 are relatively small, and
the distribution of the testing data and the training data are
significantly different, indicating the occurrence of concept drift.
The prediction results of SCTNet show that the distribution of the
predicted data is basically consistent with that of the testing data,
which further proves the adaptive prediction ability of the SCTNet
model. This feature is conducive to improving the prediction
accuracy. The experimental results of other sensors also support
this claim.
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FIGURE 12 | Probability distributions of training set, testing set, and predicted values.

TABLE 5 | Ablation experiment results.

Dataset Model MAE RMSE MAPE (%)
PeMS- Transformer-GAT  2.21 4.67 5.19
?ay SCTNet! 198 472 4.57
60
2
min) SCTNet 2.10 4.49 4.86
METR-  Transformer-GAT  4.01 7.92 12.64
?A SCTNet! 352 7.46 11.06
60
2
min) SCTNet 3.89 8.42 12.31

4.4.4 | Results of Ablation Study

To evaluate the significance of each module, ablation experiments
were conducted. The baseline model, transformer-GAT, shares
the same encoder-decoder structure as SCTNet but lacks self-
supervised auxiliary tasks. As shown in Table 5, the prediction
auxiliary task significantly improves performance, likely due
to its alignment with traffic flow prediction, capturing both
temporal and spatial dependencies. The reconstruction task also
contributes but with a smaller effect, possibly due to its more
general nature and the absence of a consistent ensemble model.
Regardless of the self-supervised task, SCTNet consistently out-
performs transformer-GAT, demonstrating that self-supervised
learning enhances adaptability to non-stationary features in
time-series data, boosting predictive power and robustness.

The prediction task aligns closely with traffic flow forecasting,
both focusing on estimating future states. In contrast, the recon-
struction task targets data feature consistency, not directly opti-
mizing future prediction accuracy, which may limit its impact.
Theoretically, the prediction task’s loss function minimizes future
deviations, aligning with the goal of traffic flow prediction. In
comparison, the reconstruction task focuses on global data con-
sistency without sufficiently addressing temporal dependencies.

We also use the T-test to test the significance of our model
in 1 h ahead prediction compared to GAGCN. The p-value is
less than 0.05, which demonstrates that SCTNet statistically
outperforms GAGCN.

5 | Conclusion

The non-stationarity in the spatiotemporal distribution of traffic
flow proposed a challenge to traffic flow prediction, how to
adjust the model quickly and smoothly to improve prediction
accuracy remains a hard problem. In this paper, we proposed
an adaptive SCTNet adjustment method to handle the non-
stationarity state. First, SCTNet employs self-supervised auxiliary
tasks for estimating input state distribution and differences in
traffic flow distribution states, generating an error signal. Second,
the error signals together with input data feed into a spatio-
temporal traffic flow prediction model to complete traffic flow
prediction. in this paper, the prediction model is an encoder-
decoder graph attention mechanism model, which extracts
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spatial and temporal features from the error signal and input
data to make predictions. The experimental results demonstrate
that SCTNet exhibits adaptive capabilities, effectively capturing
non-stationary characteristics and fine-tuning the model when
facing slight changes in traffic data distribution, to improve the
prediction accuracy and robustness. The self-supervised auxiliary
task can apply to most of the existing spatiotemporal traffic flow
prediction models and has a good university.

SCTNet has several limitations: First, the training complexity and
computational cost are high due to the need to train two separate
networks—one for prediction and another for the self-supervised
task—which increases the computational burden, particularly
with large-scale traffic networks. Second, while self-supervised
tasks improve adaptability and robustness, designing appropriate
tasks for different traffic data types remains a challenge. Lastly,
although SCTNet adapts well to minor shifts in data distribution,
it struggles with extreme or sudden traffic changes, which can
lead to a decrease in prediction accuracy.

Future work is focused on designing better self-supervised
auxiliary tasks, developing robust models for handling data
distribution shifts, and addressing the issue of concept drift
using online incremental algorithms. Additionally, exploring
self-supervised auxiliary tasks based on road network topology
for spatial correlation is a promising direction. Further testing
and verification in diverse datasets and scenarios are neces-
sary to enhance the reliability and applicability of the SCTNet
model.
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