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Leyao Xiao and Qian Chen”

(School of Transportation ,Southeast University, Nanjing 211189 ,China)

Abstract; Short-term traffic flow prediction plays a crucial role in planning of intelligent transportation systems.

Nowadays, there is a large amount of traffic flow data generated from the monitoring devices of urban road networks,

which contains road network traffic information with high application value. In this study, an improved spatio-temporal

attention transformer model ( ISTA-Transformer Model ) is proposed to provide a more accurate method for predicting

multi-step short-term traffic flow based on monitoring data. By embedding a temporal attention layer and a spatial

attention layer in the model, the model learns the relationship between traffic flows at different time intervals and

different geographic locations, and realizes more accurate multi-step short-time flow prediction. Finally, we validate the

superiority of the model with monitoring data spanning 15 days from 620 monitoring points in Qingdao, China. In the

four time steps of prediction, the MAPE ( Mean Absolute Percentage Error) values of ISTA-Transformer’s prediction

results are 0.22, 0.29, 0.37, and 0.38, respectively, and its prediction accuracy is usually better than that of six baseline
models ( Transformer, GRU, CNN, LSTM, Seq2Seq and LightGBM) , which indicates that the proposed model in this
paper always has a better ability to explain the prediction results with the time steps in the multi-step prediction.
Keywords: urban road network, traffic flow prediction, spatio-temporal feature, ISTA-Transformer Model
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0 Introduction

Intelligent Transportation Systems ( ITS) have
become a focal point of research in recent years,
serving as a cornerstone for the development of smart
cities. Traffic flow prediction, as a key component of
ITS, provides critical data that enables optimised
helps city
traffic
conditions, and provides travellers with more efficient

allocation of wurban traffic resources,

managers respond quickly to varying

route planning. However, with the continued
expansion of urban road networks and the increase in
vehicle ownership, the stochastic and uncertain nature
of traffic flows has become more pronounced, posing
significant  challenges to  accurate short-term
forecasting within specific urban areas.

Short-term, multi-step traffic flow forecasting has
significant value for traffic management in these
areas, where multi-step refers to predicting a sequence

of future time steps based on historical data, rather
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than making independent forecasts for each time step.
Accurate multi-step forecasting can help urban
transport authorities allocate resources in advance,
manage congestion at a micro level and implement
demand-based control measures tailored to specific
network segments. By accurately predicting traffic
flow over multiple time steps, decision makers can
better deal with the unique challenges posed by sudden
fluctuations, improving the accuracy and efficiency of
real-time traffic management. For instance, shorter
time steps (15 — 30 min) can support immediate
congestion mitigation, whereas longer time steps
(45-60 min) can aid in strategic planning for traffic
signal adjustments and rerouting.

Although recent advances in predictive models,
including deep learning and spatio-temporal methods,
have improved prediction accuracy, current
approaches often lack the ability to fully capture the
spatio-temporal  relationships ~ between  multiple
monitoring points within a region. This limitation

affects the robustness of predictions, especially in
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dynamically changing urban environments. To address
these challenges, this study proposes a model that
exploits the spatio-temporal relationships between
different monitoring points within a given area to
improve the accuracy of short-term, multi-step forecasts
over the next few intervals, thereby supporting more

effective and timely urban traffic management.
1 Related Work

Traffic flow prediction is a typical regression
problem which is about forcasting future traffic flow
based on historical information''’. As research in the
field of traffic flow prediction continues to expand, a
multitude of models and methodologies have been
proposed. Prediction models that are most commonly
utilized can be broadly classified into two categories:
linear theoretical models and neural network models''.
1.1 Linear Theoretical Models

The linear theory forecasting model incorporates
traditional time series analysis methodologies,
including the ARIMA ( Autoregressive Integrated
Moving Average ) model , exponential smoothing
method, the Markov Chain (MC), and so on. The
ARIMA" method was initially proposed by Ahmed et
al. in 1996, with van der Voort et al.'*' subsequently
proposing a hybrid method, the Kohonen-ARIMA
model, based on existing studies. Later, Lee et al.l”’
used a subset ARIMA model, and Williams'®' tried
using an ARIMAX model with explanatory variables.
Kamarianakis et al.'”’ proposed a space-time ARIMA

model, while Williams et al.'®

put forward the
seasonal ARIMA model by considering univariate
modelling as a periodic process. Exponential
smoothing is a process of repeatedly updating forecasts
based on recent experience. Typically, in metropolitan
areas where weekday traffic flow patterns differ from
Holt-Winters
exponential smoothing works well when the data is
both trend and

forecasting, triple exponential smoothing method is

weekend traffic  flow  patterns,

seasonality'”. In traffic flow
commonly used to display trend and seasonal data.
Markov model is a powerful tool for measuring state
space and analyzing time series data.

It is suitable for stochastic systems with large
randomness and obvious data fluctuation'"®’. These
models are typically predicated on the assumption of a
linear relationship or a simple change rule of data,
which is applicable to relatively stable and linear

.2

relationship strong time series data forecasting'''.

Nevertheless, time series models analogous to
ARIMA, despite their efficacy in linear analysis, are
incapable of addressing nonlinear relationships in
traffic flow due to their inadequate encapsulation of

the dependencies between historical data.
1.2 Neural Network Models

Neural network prediction models include feed-
forward neural networks, recurrent neural networks
('such as long short-term memory networks, LSTM) ,
convolutional neural networks ( CNN ), and other
deep learning models. These models are capable of
handling complex non-linear relationships and time
series data, and enhance the accuracy and
generalization ability of time series forecasting by
learning patterns and features from a substantial
quantity of data. The advent of artificial neural
networks has opened up new avenues for research in
the field of traffic flow prediction. In 2015, Ref.[ 12]
demonstrated the applicability of deep

methods in the field of traffic flow prediction. The

learning

application of deep learning, an extension of multi-
layer artificial neural networks, has led to a significant
advancement in the field of traffic flow prediction. By
leveraging large amounts of historical data, deep

learning has enabled a more accurate and
comprehensive approach to traffic flow prediction,
marking a notable shift in the research landscape. In
the present era, predictive models based on deep
learning networks have become the dominant paradigm
in the domain of traffic flow prediction. In recent
years, a significant number of scholars have sought to
enhance the performance of deep learning models by
improving the original models or combining different
deep learning methods in order to leverage their
respective advantages. For example, Ref. [ 13 ]
introduced the SW-BIiLSTM model, which considers
the interaction between adjacent road segments and
achieved impressive predictive accuracy when
validated with real-world GPS data. In Ref.[14], a
BiGRU-BiGRU model with two modules is proposed
to extract temporal and periodic features from traffic
data, where a novel limited attention mechanism is
incorporated in the first module to improve the
model’s performance by focusing only on the most
traffic flow

recent relevant information in the

sequence. Luo et al.""*! proposed a novel model, the
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graph temporal convolutional long short-term memory
network ( GT-LSTM) , which is primarily constituted
of features splicing and patterns capturing. In features
splicing, the spatial dependencies of traffic flow are
captured through the employment of a self-adaptive
graph convolutional network (GCN). Zhang et al.''®
proposed a deep learning framework that utilizes
Seq2Seq models and graph convolutional networks to
capture  spatial  and

temporal  dependencies,

incorporating attention mechanisms and a novel
tackle

and effectively address the

training method to multi-step prediction

challenges temporal
heterogeneity of traffic patterns.

Summarizing the literature on these different
approaches, it is easy to see that most studies optimize
the ability of the model to capture the temporal and
spatial relationships of historical traffic flows, thus
improving the accuracy of the predictions''™?.
However, if the prediction sequences are too long,
memory degradation and information loss may even
occur due to the limitations of the above networks'>'’.
The transformer network is a sequence-to-sequence
learning model that fully relies on the self-attention
mechanism first used in natural language translation to
compute the mapping relationship between input and
1'2'. In 2017, the

architecture consisting entirely of attention mechanisms

output in paralle transformer
was introduced'?’. In recent years, it has been applied
to traffic flow prediction. For example, Xiao and
Chen '*! developed a novel temporal attention module
in a spatio-temporal transformer graph network that
uses local context to improve the stability of long-term

predictions in the temporal dimension. Hu et al.'*"
proposed a multi-layer model based on transformer
and deep learning which uses multiple encoders and
decoders to perform feature extraction on the initial
traffic data without human experience. Conversely,
these models only consider single-step prediction,
which results in a limited total time span of prediction
when the time granularity is fine, or the loss of some
detailed information when the time granularity is too
large. In contrast, multi-step short-time prediction is
capable of further dividing the long time span and
obtaining more detailed and complete prediction
information' 2%’ |

In conclusion, this paper puts forth a multi-step
prediction model to address the challenge of short-term
flow forecasting at pivotal monitoring locations within
an urban road network. This model, designated as the
ISTA-Transformer
Attention Transformer ), employs a novel approach
temporal

( Improved  Spatio-temporal

enhanced
This
systematic processing framework ( as shown in Fig. 1)

that incorporates spatial and

attention mechanisms. study proposes a
for the collected road network monitoring point data,
and optimizes the underlying transformer algorithm by
innovatively embedding a spatio-temporal attention
mechanism that takes the historical flow and spatial
weight matrices as inputs and allows the model to
capture the spatio-temporal relationships therein and
predict the future short-term flow on a given road
section. The process of short term flow prediction for
road network monitoring point flow data can be simply
divided into the following steps:

Data preparation | |

Model training |

| Model evaluation |

Data cleaning ’

Construct the sequence

Data prediction ‘
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Fig. 1 Flowchart of traffic flow prediction
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1) Data preparation, where toll booth traffic data is
segmented by time periods, and the flow for each
period is calculated, converting the data into a format
that the model can process. 2) Model training,
historical traffic data is used to train the constructed
traffic prediction model, allowing the model to extract
the spatio-temporal features contained in the data. 3)
Model evaluation, predicted traffic is compared with
actual traffic, and various metrics are used to assess
the prediction accuracy.

2 Problem Description and Modeling

2.1 Problem Description

The short-term traffic flow multi-step prediction
problem can be formulated as follows: a data series
consisting of traffic flow observations from several
historical periods is input into a prediction model,
which outputs a prediction of a traffic flow sequence

for several future time periods'*”

. The objective of
this study is to predict the traffic flow at various
monitoring points along a road network for a number
of future time steps. This is based on historical
monitoring point flow data and the latitude and
longitude data of the road network. The core problem
is to capture the spatio-temporal relationship of the
traffic flow at each of the monitoring points within the
study area. In this paper, we adopt a multi-step
prediction strategy of ‘ multiple inputs-multiple
outputs’ , which allows for the acquisition of more
detailed prediction information while widening the
prediction time span. In this study, the selection of
specific time steps is determined by means of an
analysis of the time-variation characteristics of traffic
flow in the study area. The definitions that are
pertinent to this discussion are presented below.

1) Feature matrix ; The traffic flow information at
time series is utilized as the feature matrix, denoted as
Q, € R™' where N represents the number of monitoring
points within the traffic network. The model’s input
sequence is defined as {Q, ,.,, Q, .., , O, €
R "™ with [ indicating the size of the input time
window. The output sequence produced by the model
is{0Q,.,,0,,,,0,. e R™™  which represents
the predicted traffic flow for the next k time steps.

2) Spatial relationship matrix: The structure of
the road network location map, which depicts the
positioning of monitoring points, is represented as G =

(V,E,A) . This is the topological framework of the
4.

transportation network. The set V = {v,, v,,**, v, |
represents the monitoring points, while the set E
denotes edges. The adjacency matrix A , which is a
matrix of dimensions R "*" , encapsulating the node
connectivity relationships. For any two points v, , v, €
Vand( v, , v;) € E, the nodes are connected, and
the element a; in the adjacency matrix is 1, otherwise
it is 0.

3) Problem formulation: The concept of the
prediction task can be understood as the process of
learning a mapping function, designated as /', from
input historical traffic data {Q,_,,,,0,_,.,,"*,0Q,} and
a known spatial relation matrix, designated as A. This
function is then used to predict future traffic flow in
several specific time intervals. As illustrated in
Eq.(1):

{Ql+l 1Q1i2s 0 f=S( (Q441,0,11257,0,) ,G) (1)
2.2 Architecture of ISTA-Transformer Model

The transformer model was initially developed
for the purpose of natural language processing and is
comprised of two principal components; the encoder
and the decoder. The encoder is composed of the
following layers, arranged from top to bottom: The
remaining layers are as follows; Multi-Head Self-
Attention, Add & Norm ( residual connection and
layer normalization) , Feed-Forward Neural Network ,
and another Add & Norm layer. The decoder
comprises the following layers, arranged from top to
bottom: Masked Multi-Head Self-Attention, an Add
& Norm layer, a Feed-Forward Neural Network, and
another Add & Norm layer.

In this paper, PyTorch is employed to construct
an enhanced spatio-temporal attention transformer
model, designated the transformer (ISTA-Transformer).
The model’s comprehensive architectural framework is
depicted in Fig. 2.

The complete encoder architecture is comprised
of a spatio-temporal embedding layer and K encoders.
Each encoder is constituted of multiple encoder
layers, which in turn comprise multi-head self-
attention mechanisms and feed-forward neural
networks. The historical sequence S and the spatial
correlation matrix are taken as input in order to obtain
feature

a high-order spatio-temporal

I(K)

embedding
representation STEI'™’. The self-attention mechanism
enables the model to consider dependencies both in a
longitudinal manner, within the same time sequence,
and laterally, across different time sequences from

disparate traffic monitoring points. This mechanism
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enables the model to learn dynamic patterns within
time sequences while also capturing common features

Layer

Normalization ublayer

Encoder

Time hierachical
dilated Convolution

or associations across different traffic monitoring

points.
Decoder

ity

tis2
tsirr;?: “ Feedforward Linear tiz3
feature neural layer T
extraction network g
module

tise

Spatial attention sublayer

Fig. 2 Architecture of ISTA-Transformer

In the the traditional

transformer is extended by the incorporation of spatial

proposed  model,

self-attention sub-layers and temporal hierarchical
diffusion convolution sub-layers within each encoder
layer. The incorporation of spatial self-attention sub-
layers enhances the model’s capacity to discern spatial
dependencies across disparate monitoring points,
enabling each point to attend to other points within the
network. This integration enables the model to

effectively learn spatial correlations and
dependencies, which are crucial for understanding
traffic patterns across different locations.

The temporal hierarchical diffusion convolution
sub-layers are introduced with the objective of
capturing temporal dependencies in a more effective
the

convolution across a range of time scales.

of diffusion
The
hierarchical approach permits the model to extract

manner, through application

both short-term variations and long-term trends within
the traffic flow data.
temporal convolution layers with the self-attention
the model

that

The combination of these
mechanism enables to better capture

complex temporal patterns traditional  self-
attention might miss.

The combination of these specialized sub-layers
with the traditional transformer architecture allows our
model to address the spatial and temporal dimensions
of the data

comprehensive and accurate

simultaneously, resulting in a more
spatio-temporal ~ feature
extraction.

A residual connection is added after each sub-
layer to ensure effective gradient backpropagation,
while layer normalization is applied to stabilize
the encoder feeds the

training. Finally, spatio-

temporal feature representation of the historical
sequence into each decoder in the lower layers.
2.2.1 Spatio-temporal embedding layer

In this paper, a learnable embedding matrix is

employed to encode the spatial information, thereby

generating the corresponding spatial embedding,
which is then integrated with the traffic flow data. The
precise formula is given by Eq.(2) :

STEI” = Add( Concat(X,W,),S,) (2)

Where X represents the traffic feature matrix of

monitoring point, W_ is the spatial correlation
coefficient matrix, S, is the learnable temporal
embedding, Add is the -element-wise addition

function, and Concat is the concatenation function
that merges traffic feature matrix (X) and the spatial
correlation coefficient matrix W, along a specified
dimension.
The

STEI'” is used as the input to the first encoder layer.

spatio-temporal embedding information
Residual skip connections are employed to prevent the
vanishing embedding features as the number of
The results of the

embedding for each node are connected to the node

encoders or decoders increases.

features and then projected into the model dimension.

The combination of X and W_ , followed by the
addition of S,, results in the generation of an initial
feature representation that encompasses both spatial
and temporal data. This constitutes the initial stage of
the feature extraction process. Once the preliminary
embedding has been produced, the subsequent step is
to incorporate the requisite spatial information into the
feature matrix, thus enabling the model to utilize
spatial dependencies more effectively.

The spatio-temporal embedding layer of the
encoder establishes a connection between the flow
data from each traffic monitoring point and the spatial
correlation coefficient matrix between these points.
The spatial correlation coefficient matrix embedding is
derived from a preliminary analysis of the spatial
relationships between traffic monitoring points and is
employed for the computation of spatial attention.

By applying the matrix W to transform the input

. 5.
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feature matrix X, we obtain
X =XxW, (3)
This transformed feature matrix X is subsequently
fed into the
representation that incorporates the learned spatial

self-attention layers, providing a

correlations. Furthermore, in convolutional layers
designed to capture spatial patterns, the spatial weight
matrix can be applied to adjust the convolutional
filters, enhancing the spatial feature extraction
process. This integration of the spatial weight matrix
different of the

architecture ensures a more comprehensive and

within components encoder

accurate capture of both spatial and temporal
dependencies in the traffic data.
2.2.2 Aitention mechanism

The multi-head attention mechanism represents a
pivotal element of the transformer model, devised to
address both local and global dependencies inherent to
sequential data. This is achieved by the model
learning multiple sets of different attention weights
(heads) , which are then merged to form a composite
representation of the input data. This enables the
model to concurrently concentrate on disparate

elements of the input sequence across distinct

subspaces, thereby facilitating more efficacious
capture of dependencies within the sequence. This
ISTA-Transformer,

through the learning of spatial dependencies between

attention mechanism in the
disparate monitoring points and the selection of
pivotal dependencies between time series, enhances
the inefficient dependencies between time steps
observed in the conventional self-attention
mechanism. In the multi-head attention mechanism,
the input query ( Q) , key (K) and value ( V) matrices
are processed through multiple heads. For the ith
header, the computation process is as follows
QW (KWp) Tj
Jd;

Vw! (4)

where WY, WX and W/ are the weight matrices of the

Attention (Q,K,V) = softmax(

query, key, and value of the ith head, and d, is the
dimension of the key vector. In ISTA-Transformer,
the multi-head attention mechanism facilitates the
capture of both global and local dependencies, while
also enhancing spatial self-attention through the
introduction of a spatial weight matrix, denoted as sp.
In particular; For each subject, the calculation yields
a standardized attention score, designated as Al

.6 -

(5)

: QW (KW;)"
A' = softmax| —————

Jd,

The attention matrix is adjusted using the spatial
weight matrix W :

A" =A'OW, (6)
where © denotes element-wise multiplication. This
modification ensures that the attention scores are
influenced by the actual spatial dependencies,
allowing the model to emphasize more relevant spatial
relationships in the attention process. The normalized
attention scores A'* are then used to compute the
weighted sum of the value vectors, facilitating a more
contextually aware representation.

Apply the adjusted attention matrix to the value
vectors and merge the outputs of all the heads:
MultiHeadAttention(Q ,K,V) =

Concat( Attention'(Q ,K,V) ,Attention’(Q ,K,V) , -,

Attention"(Q,K,V)) W’ (7)
where n is the number of heads and W’ is the weight
matrix used to combine the outputs of all the heads.

The multi-head attention mechanism, a core
of the ISTA-Transformer,

enhances the model’s capacity to discern intricate

component markedly
spatio-temporal patterns. This is achieved by enabling
the model to simultaneously learn diverse attention
patterns and spatial dependencies. The incorporation
of the spatial weight matrix W, enables each attention
head to adjust the attention scores in accordance with
the spatial correlations, thereby enhancing the model’s
capacity for spatio-temporal feature extraction. This
enhancement not only optimizes the attention
mechanism but also improves the model’s capacity to

process real monitoring point data.
3 Case Study

3.1 Dataset Processing

This paper presents an analysis of the road
network in the Shibei District and Shinan District of
Qing dao, China. Fig. 3 (a) illustrates that the
traffic
monitoring devices on the road network is relatively

distribution  of monitoring  points  and
dense, encompassing the primary traffic nodes within
the designated research area. Following an initial
screening process, Wwhereby data from certain
monitoring points was excluded due to errors resulting
from device ageing or damage, this study selected a

total of 620 monitoring points for the analysis of 15
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days of traffic data (from 12 January to 26 January,
2022). The data set comprises approximately one
million vehicle travel records for each day. The
original data set comprises a series of records,
including the location, ID number, licence plate
number and monitoring time of each monitoring point.
These records are transformed into traffic flow data,
representing the number of vehicles passing through a
specific direction of a road within a given time period.

Traffic flow is defined as the number of vehicles
passing through a road monitoring point during a
specific time interval. In order to gain a preliminary
understanding of the temporal characteristics of traffic
flow in Qingdao, this study counted the daily number
of vehicles travelling on weekdays and weekends
during the study period, as shown in Fig. 3(b). As
can be seen from the figure, there is a significant
difference between the number of vehicles travelling
on weekdays and weekends, and it can be deduced
that the overall flow on weekdays is higher than that
on weekends. Therefore, in order to ensure that the
training model can learn a stable spatio-temporal
pattern, it is necessary that the training set fully
covers the characteristics of traffic flow changes in
different periods, such as the traffic difference
between weekdays and weekends. In addition, the test
set should select data in subsequent periods in order to
test the generalization ability of the model on
previously unseen data and evaluate its prediction

accuracy for new traffic flow conditions.

(a)Monitoring points distribution

IRRERRERRERRNS

12-Jan13-Jan14-Jan15-Jan16-Jan17-Jan18-Jan19-Jan20-Jan21-Jan22-Jan23-Jan24-Jan25-Jan26-Jan
Date

(b) Number of travelling vehicles on different dates (blue:

weekdays,Orange:weekends)

R NeNe e ¥ NoNe T

Number of vehicles(10%)
~I-1-JO000000000

Fig. 3 Traffic flow distribution feature

should also include both
weekdays and weekends. Consequently, the data from
12 January 2022 ( Wednesday ) to 21 January 2022
(Friday) are allocated to the training sets, and the
data from 22 January 2022 ( Saturday) to 26 January
2022 (Wednesday) are allocated to the test sets. This
partitioning method is a common approach in the field
of traffic

demonstrated to be an effective means of evaluating

Furthermore, it

flow prediction, and it has been

model performance.

Of the aforementioned traffic monitoring points,
Xianggang Middle Road and Fuzhou South Road
represent two of the most significant traffic arteries in
the Shinan District. The intersection is situated at the
core of the densely interconnected road network in the
Shinan District. The location is in close proximity to
two major commercial districts and a multitude of
office buildings. The mean daily traffic volume at this
intersection is approximately 120000 vehicles, with an
average daily congestion time of 1.5 h. Moreover, the
surrounding intersections are closely related to this
one. This is a relatively typical urban area road traffic
monitoring point.

The data from the traffic monitoring points for
the Fuzhou South Road - Xianggang Middle Road
intersection (ID 601018114050) is employed as the
prediction target. A spatial autocorrelation analysis is
conducted on the traffic flow within a 1.2 km radius
centered around the target point to identify groups of
correlations, as

monitoring points with strong

illustrated in Fig. 4. The model is trained to complete

traffic flow prediction for this specific traffic
monitoring point.
b
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3.2 Traffic Spatio-temporal Feature Analysis

1) Time features: Traffic flow can be classified
into distinct intervals based on the temporal resolution
of the data, including daily, hourly, and 15 min
traffic flow. Fig. 5 depicts the fluctuations in traffic
volume at identical traffic monitoring points with
varying sampling intervals. Fig.5 (a) depicts traffic
statistics for a 5-minute interval. It can be observed
that a very short sampling time window leads to
significant fluctuations in traffic
relatively low absolute values, which is not conducive
to prediction and practical application.Conversely, an
overly long sampling time window can result in a

volume with

reduction in the number of data samples. Therefore, a
15 min sampling interval, as illustrated in Fig. 5(c),
can effectively smooth the traffic monitoring points
traffic fluctuation curve while preserving relatively
rich detail features.

1200
1000}
800
600
400
200
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(a) Interval is 5 min
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Fig. 5 Traffic volume at different intervals

The individual elements of the input datasets are
the traffic flows at the 16 monitoring points, recorded

.8 -

at 15 min intervals. Fig. 6 illustrates the traffic flow in
three-dimensional format for 12 January 2022 from
5:00 to 22 : 00 at the choke point for a 15-analysis
interval. It is evident that there are discrepancies in the
traffic flow patterns observed at different monitoring
points within the same time frame. Additionally, the
traffic flow at a given monitoring point exhibits
considerable fluctuations over time. Accordingly, this
paper investigate the spatial and temporal relationship
between the surrounding chokepoint traffic and the
predicted target chokepoint traffic, with the objective
of making a more accurate prediction of the target
chokepoint traffic.

Fig. 6 illustrates the historical flow data for the
16 selected monitoring points at 15-minute statistical
intervals, and it can be seen that there are significant
differences in the flow values between the points, but
they are roughly similar in terms of periodicity,
making it necessary to explore the effect of coupling
between the flow and spatial location of the
surrounding and target monitoring points. The following
section will further examine the spatial correlation
between the traffic flow at different monitoring points

and the flow at the target prediction points.

13000 [113000

12500 2500
‘2000§
11500,2
~100()E‘_3 1500
1500

2000

1000

S 500

Fig. 6 Traffic flows at group of monitoring points
(interval is 15 min)

2) Spatial features: The configuration of urban

road traffic networks is inherently complex,
characterized by the intersecting of road segments and
the relatively short distances between roads. The
traffic flow on a given road segment can be affected
by the traffic flow on the upstream segment, which in
turn can affect the downstream traffic flow. The
congestion or smooth flow of traffic on the
downstream segment is likely to be influenced by the

traffic conditions on the upstream segment. This
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illustrates that urban road traffic flow displays spatial
correlation. As illustrated in Fig. 6, the flow change
curves of monitoring points C, D, E, and F, situated
on the same main road, exhibit a notable degree of
resemblance.

In this study, the Pearson coefficient is employed
to quantify the relationships between the target traffic
monitoring points and their traffic
monitoring points. This coefficient incorporates a spatial

surrounding

weight matrix, w_, to derive spatial correlation results.

iy

The formula for calculation is presented in Eq.(8) :
E[(X(1) = X,) (X,(1) - X)]

p ij = wlj
VIx Oy
where X, X, are the time series traffic flow data for
traffic monitoring points ¢, j, respectively. X,()

(8)

represents the time series traffic flow data at traffic
monitoring points i at time 7. X;(¢) represents the time
series traffic flow data at traffic monitoring points j at
time 7. E denotes the mathematical expectation. o
represents the standard deviation.

Fig. 7 depicts the spatial correlation coefficient
diagram between the research objects. This diagram
illustrates the spatial correlations between the various
traffic monitoring points under study, based on the
spatial
provided formula. The coefficients offer insights into

correlation analysis conducted using the
the relationship between the traffic flow at one traffic
monitoring point and the traffic flow at neighbouring
traffic monitoring points, thereby facilitating an
understanding of the spatial relationships within the

road network.
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Fig. 7 Spatial correlation coefficient

A sliding window is a data processing technique
employed for the generation of sample sequences,
which are subsequently utilized for the analysis of

time series data. In this article, the sliding window
method is employed to transform the original time
series data into a set of data points suitable for training
and testing deep learning models. This involves the
creation of a time window with a size of 12 time
steps, wherein the observations within this window
serve as input features, and the traffic values for the
subsequent four time steps are used as the target
sequence ( see Fig. 8). Following the application of
the sliding time window for the division of the
samples, the dimensions of the samples processed by
the algorithm employed in this study are as follows:
(number of samples, length of time window, number
of monitoring points). In other words, each sample
comprises data from 12 time steps with 16 features per
time step, while the dimensions of the set labels are
( number of samples, number of predicted time steps,
number of predicted points ). Consequently, each
label contains data from 4 time steps with 1 feature
per time step.

Sliding window 1 Predicted sequence
N 28 SE KR 12 13 14 15 16
1 t
Sliding window 1 Predicted sequence

CR LR 13 148 1516417
L 1

Sliding window 1 Predicted sequence
ti+l ti+2 ti+3 ti+4 Kl 'tH12 [M} tiHA t1+15 ti+16
L t

Fig. 8 Slide prediction time window

3.3 Model Evaluation

To evaluate the model’s performance, error
functions are commonly used as evaluation metrics for
prediction results, including Mean Absolute
Percentage Error ( MAPE ), Mean Squared Error
(MSE) , Root Mean Squared Error (RMSE) , and R-
squared (R”).

14 |y =,
MAPE = — 3 7Y 10000 (9)
noi=1 Y
e -
MSE:;E (yi_yi)z (10)
1=1

RMSE:ﬁi (y, =7’ (11)

Z (32 _yi)z
R=1-"+ (12)

n

> (=)’

i=1
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To evaluate the performance of the ISTA-
Transformer model, it was compared with several
baseline models, including the Transformer, GRU
( Gated Recurrent Unit ), CNN ( Convolutional
Neural Network) , Long short-term Memory Network
(LSTM ), Sequential Neural Network ( Seq2Seq )
and LightGBM.

1) Transformer; Configured with 6 layers for
both the encoder and decoder, 8 attention heads, a
hidden dimension of 512, a feedforward dimension of
2048, and a dropout rate of 0.1.

2) Gated Recurrent Unit (GRU) : A variant of
recurrent neural networks (RNNs) that simplifies the
architecture compared with Long short-term Memory
(LSTM) models. The GRU model used here has 2
layers, 64 hidden units, and a dropout rate of 0.2.

3) Convolutional Neural Network ( CNN ).
Designed to process and learn from spatial and
temporal patterns in data. For this comparison, the
CNN was configured with 3 convolutional layers, a
kernel size of 3, a stride of 1, and 64 filters.

4)Long short-term Memory Network (LSTM) .
A type of recurrent neural network designed to capture
long-term dependencies in sequential data. The LSTM
model used in this evaluation has 2 layers, 64 hidden
units per layer, and a dropout rate of 0.2.

5) Sequential Neural Network ( Seq2Seq): A
neural network architecture designed to address
sequence-to-sequence problems. The model comprises
two principal components, namely the encoder and
decoder. The LSTM layers of the encoder and decoder
are configured to have 64 hidden units, and the
network has two LSTM layers, a dropout rate of 0.2
is employed. The model was trained for 200 cycles,
with each batch comprising 32 samples.

6) LightGBM: An efficient gradient boosting
framework for handling large-scale datasets and high-
dimensional features. Number of estimators is 200,
learning rate is 0.01, number of leaves is 31, random_
state is 42, stopping_rounds is 50. Additionally, a
logging callback function is utilized to monitor the
evaluation metrics throughout the training process and
log the model performance every 10 rounds.

These baseline models were used to assess the
performance of the ISTA-Transformer model by
providing a range of different forecasting approaches
and capabilities.

.10 -

4 Results and Discussion

4.1 Model Training

As illustrated in Fig. 9, the mean-square error
loss function curve is depicted when the ISTA-
Transformer model processes normalized traffic data.
The raw loss values are displayed with a blue curve,
showing all fluctuation details, while the red curve
represents the smoothed loss trend. In the figure, a
5-epoch moving window is used to calculate the mean
and standard deviation, with the red shaded area
indicating the fluctuation range of =+1 standard
deviation. It can be observed that the loss function
exhibited
10 epochs, followed by slight fluctuations within the
100 epochs.

converged. This suggests that the model is a suitable

significant growth during the initial

subsequent Subsequently, it rapidly

tool for traffic flow prediction tasks.
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Fig.9 Loss curve of the ISTA-Transformer model

4.2 Prediction Results

The ISTA-Transformer model was evaluated in
comparison with all baseline models for performance
assessment on the monitoring points traffic dataset,
including four sequential time steps (15, 30, 45, and
60 min) ,which are four consecutive time intervals in
15-minute steps, collectively referred to as “four-step
prediction”. This formulation enables the model to
consider dependencies across multiple future intervals,
thereby improving forecasting stability over different
time horizons. The results are presented in Fig. 10.

As demonstrated in Fig. 10, the accuracy of the
predictions varies at different time steps, with all
models demonstrating superior prediction at the first
time step in comparison to the subsequent time steps.
This finding suggests that, with limited historical
data, each model exhibits greater capacity to predict
traffic flow in the initial 15 min of the future.
However, as the time step increases, the discrepancy
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between the predicted values and the true values
output by each model becomes significantly larger,
indicating a decline in accuracy over longer time
spans. This may be attributable to the elevated
uncertainty traffic
conjunction with the time-dependent and error-passing
which

surrounding conditions, in

effects inherent in the model, render

forecasting more arduous.
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Fig.10 Actual values versus predicted values

Furthermore, the majority of baseline models
exhibit an overly optimistic prediction trend during the
off-peak hours, and for peak periods, baseline models
such as LightGBM consistently show predictions that
are significantly higher than the true values. The
baseline model also exhibits an outlier at the fourth
time step, deviating significantly from the actual
prediction and accompanied by overall anomalous
fluctuations ( the prediction is close to 0). In contrast,
the ISTA-Transformer model demonstrates a superior
capacity in capturing traffic flow trends, exhibiting
substantial consistency between predicted and actual
values during periods of significant traffic flow
variability. The predicted and actual values are highly
proximate to each other, both during peak and
off-peak traffic flow periods.

In order to provide a clearer indication of the
error level of the predicted value, the inverse
normalization process was carried out to convert the
normalized data back to the original scale. The four
evaluation indicators are then calculated using Egs.
(9)-(12) (see Table 1 and Fig.11). Obviously, for
each time step, the ISTA-Transformer model
consistently outperforms the other baseline models on
all four evaluation metrics. A review of the overall
performance across the different metrics shows that
the ISTA-Transformer model gives the most
favourable predictions in the early time steps.

When predicting traffic flow in the first 15 min,
the ISTA-Transformer model has a MAPE value of
0.22, which is significantly lower than the other
models. This shows that it is better at capturing the
dynamic characteristics of traffic flow in the short
term. For traffic flow predictions beyond the initial
30-minute interval, the ISTA-Transformer model
continues to have the most favourable MAPE value of
0.29. For a forecast time step of 45 min, the ISTA-
Transformer model has a MAPE of 0.37, which is
slightly higher, but still shows superior performance
compared with the other models. This result shows
that ISTA-Transformer is still effective in capturing
the spatio-temporal dependence of the data as time
steps increase, while other models begin to show
larger errors. When the longest time step was 60 min,
the MAPE of all models increased significantly. The
ISTA-Transformer model has a MAPE of 0.38, which
is the lowest of all the models. This shows that even
when making predictions over a longer time horizon,
the ISTA-Transformer model still shows superior
robustness and generalization. This shows that ISTA-
Transformer can effectively adapt to short time

- 11 -
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adapt to fluctuations in traffic data and identify
potential patterns, confirming its advantages in traffic

intervals and traffic data with significant periodicity.
The model consistently achieves higher R* values at

different time steps, demonstrating its strong ability to flow prediction tasks.

Table 1 Prediction error results for different time steps for each model

Time step Model MAPE MSE RMSE R?
ISTA-Transformer 0.22 40096 200.2 0.94
GRU 0.40 136624 369.6 0.79
CNN 0.46 136579 369.6 0.79
Time step 1(7=15 min) LSTM 0.48 154084 392.5 0.76
Transformer 0.49 335850 579.5 0.48
Seq2seq 0.24 75849 275.4 0.88
LightGBM 0.48 124797 353.3 0.81
ISTA-Transformer 0.29 78715 280.6 0.88
GRU 0.53 178127 422.1 0.72
CNN 0.42 172824 415.7 0.73
Time step 2 (T=30 min) LSTM 0.54 228748 478.3 0.64
Transformer 0.48 192789 439.1 0.70
Seq2seq 0.53 231935 481.6 0.64
LightGBM 0.56 203170 450.7 0.68
ISTA-Transformer 0.37 96521 310.7 0.85
GRU 0.59 257160 507.1 0.60
CNN 0.59 230471 480.1 0.64
Time step 3( T=45 min) LSTM 0.48 186785 432.2 0.71
Transformer 0.56 234787 484.5 0.64
Seq2seq 0.55 217591 466.5 0.66
LightGBM 0.58 212812 461.3 0.67
ISTA-Transformer 0.38 120570 347.2 0.81
GRU 0.77 536556 732.5 0.17
CNN 0.79 350758 592.2 0.46
Time step 4 (T=60 min) LSTM 0.62 312047 558.6 0.52
Transformer 0.78 409517 639.9 0.37
Seq2seq 0.69 315262 561.5 0.51
LightGBM 0.75 392833 626.8 0.39
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Fig.11 Comparison of errors of different models and time steps
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5 Conclusions and Future Work

The ISTA-Transformer traffic flow prediction
model, as proposed in this paper, has been designed
with the objective of facilitating effective multi-step
prediction of short-term traffic flow. This model
incorporates the spatial attention weight matrix into the
traffic flow prediction process, thereby addressing the
spatial dimension of traffic data and simulating the
highly nonlinear spatial correlation between road
segments. On this basis, a spatio-temporal attention
mechanism is introduced, whereby the spatio-temporal
features extracted by the encoder are superimposed.
The historical traffic flow data of 16 monitoring points
within the selected research range is used as the feature
input, with a time step of 15 min and a sliding time
window to divide training samples. This enables the
prediction of the traffic flow value of the target
monitoring point in the next four time steps. The
experimental results on the Qingdao traffic monitoring
dataset demonstrate that the ISTA-Transformer model
proposed in this paper outperforms the six selected
baseline models. In the context of multi-step short-
term prediction, the models under consideration are
the GRU, CNN, LSTM, Transformer, Seq2Seq and
LightGBM. The ISTA-Transformer model demonstrated
superior performance compared with the other baseline
models in terms of MSE, RMSE, MAPE, and R’
error evaluation indicators. In the case study, the
ISTA-Transformer model, trained on a limited amount
data,
capabilities in the test set. It is evident that the model’s

of historical demonstrated robust predictive
performance is most precise at shorter time intervals
(15 - 30 min), indicating that the model has the
potential for application in the field of traffic flow
prediction. Furthermore, it can provide high accuracy
while also conserving computing resources. While an
increase in prediction errors is observed for longer
horizons (45 - 60 min), which indicates that while
ISTA-Transformer effectively captures spatio-temporal
dependencies, the incorporation of advanced
techniques such as adaptive attention mechanisms or
hybrid models might be necessary to enhance the
accuracy of long-horizon forecasting.

In the future, this research intends to consider
traffic

accidents, in traffic predictions and translate these

additional factors, such as weather and

influencing  factors  into  learnable  features.

Additionally, further analysis will be conducted on the
distinct characteristics of different time steps in multi-
step prediction. Exploration of techniques such as
dynamic time-step adjustment and uncertainty
quantification will be undertaken to enhance the
robustness of long-horizon forecasts. Moreover, the
objective is to enhance fine-grained forecasting of peak
hour traffic, bringing the model closer to real traffic
scenarios, thereby

improving its performance in

multivariate forecasting.
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