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Abstract. This paper mainly studies the relationship between traffic flow
forecasting and traffic accident forecasting and the possible combination
points. Firstly, through the introduction of the background, the necessity of
combining the two is analyzed. Secondly, the differences between neural
networks and traditional machine learning are compared in terms of model
structure, feature extraction, applicability, computational resources and time,
and model complexity. This paper emphasizes the importance of neural
networks for traffic flow forecasting and traffic accident forecasting and
introduces the commonly used neural networks. Then, the concept of
temporal and spatial characteristics in traffic data is expounded, which opens
the relationship between traffic flow forecasting and traffic accident
forecasting and the analysis of possible combination points. Through the
analysis of the existing research, it is found that the relationship between the
two is mainly divided into data complementarity, common goal, and
common method, and the possible combination points of the two are
analyzed and prospected. Finally, the data and methods of improving traffic
flow forecasting are summarized, which is conducive to better traffic flow
forecasting and the combination of the two.

1 Introduction

With the development of big data and artificial intelligence technology, the acquisition and
analysis of traffic flow and accident data have become more convenient and accurate.
Through the analysis of a large number of historical traffic data, it can find the rules and
patterns between traffic flow and accidents. The development of real-time data acquisition
technology makes it possible to predict accidents with real-time traffic flow. In the case that
the traditional traffic management methods are difficult to cope with the increasingly
complex traffic conditions, the data-driven approach has become a research hotspot. Traffic
flow forecasting and traffic accident forecasting have made remarkable progress in their
respective fields, but it is difficult to fully deal with the actual traffic problems in a single
research.
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Traffic flow forecasting and traffic accident forecasting are two key areas in Intelligent
Transportation Systems (ITS). The two are closely related, the change in traffic flow directly
affects the incidence of traffic accidents, and traffic accidents will in turn have a significant
impact on traffic flow. The study of the combination of the two points can understand and
predict the dynamic changes in the traffic system more comprehensively, and improve
scientific and effective traffic management. Yang et al. used the urban expressway data and
traffic flow data of Shanghai and found that the speed and flow had a significant impact on
the occurrence of accidents [1]. The low speed and the difference in traffic between lanes
will significantly increase the probability of accidents. Liu et al. collected historical data on
traffic accidents and traffic flow on the G3001 expressway in Xi 'an to build a traffic accident
forecasting model [2]. Adding the improved traffic flow stability coefficient based on the
traffic flow parameter setting into the traffic accident forecasting model can not only reduce
the calculation time of the model by 15.2% but also improve the accuracy and increase the
reliability of the accident forecasting model. Lu et al. found that in the case of a combined
analysis of traffic flow and traffic accidents in Singapore, the traffic flow in peak hours
increased by about 20%, the average commuting time decreased by 15%, and the accident
rate could be reduced by 25% [3].

The combination of traffic flow forecasting and traffic accident forecasting can improve
the accuracy of traffic management and help identify potential high-risk areas in advance, so
as to optimize traffic flow, reduce accidents, and improve road safety. Therefore, it has
become an important research direction to explore the internal relationship between traffic
flow forecasting and traffic accident forecasting and the possible combination of the two in
the future. Using a literature review and summary, this paper studies the internal relationship
between traffic flow forecasting and traffic accident forecasting as well as the possible
combination points in the future, aiming to provide direction for the better combination of
the two in the future and the optimization of the traffic system.

2 Spatiotemporal modeling and predictive techniques

2.1 Introduction of neural network and its role in traffic flow and traffic accident
forecasting

2.1.1 Introduction to mainstream neural networks

Mainstream neural networks mainly include Convolutional Neural Networks (CNN),
Recurrent Neural Networks (RNN), Transformer, Long Short-term Memory Networks
(LSTM), and so on. CNN is primarily used to process data with a grid structure, such as
images. The local features are extracted through convolution and pooling operations, and it
has the characteristics of parameter sharing and migration invariance. Great success has been
achieved in the tasks of image classification, target detection, and image segmentation. RNN
is suitable for processing sequential data, such as text, time series, etc. It has loop joins to
capture time dependencies in sequence data. The transformer is built on a self-attention
mechanism and does not rely on circular joins or convolution operations. It can be calculated
in parallel to speed up training. Excellent at handling long-distance dependencies, it is often
used for tasks such as machine translation, language modeling, and text generation. LSTM is
also a kind of neural network. Through its unique input gate, forget gate, and output gate
mechanisms, it can effectively control the flow of information and capture important features
in long time series, thereby avoiding gradient disappearance and explosion problems. LSTM
is widely used for tasks such as machine translation, sentiment analysis, stock forecasting,
weather forecasting, and traffic flow forecasting.
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2.1.2 Differences between neural network and machine learning

The neural network plays an important role in traffic flow and traffic accident forecasting.
Through multi-layer perceptron, CNN, RNN, and other models, it can process complex non-
linear traffic data, realize short and long-term traffic flow forecasting, and evaluate traffic
accident risk. They have the advantages of high nonlinear mapping capability and automatic
feature extraction, which can adapt to different types and scales of data, significantly improve
the accuracy and reliability of forecasting, and provide strong technical support for the
development of intelligent transportation systems.

There are some differences between neural networks and traditional machine learning
methods, and they each have different advantages. Mainly from the following five aspects to
discuss the differences between the two. First, the difference in model structure. Traditional
machine learning method usually has a clear formula or structure and are relatively simple.
The neural network is composed of multiple nodes to form a multi-layer network. The
structure is more complex and features can be learned automatically. Second, is the difference
in feature extraction. Traditional machine learning relies on domain knowledge and
experience. A neural network can automatically learn features from data, especially when
processing complex data such as images and audio, deep neural network can automatically
extract high-level features through multi-level structures, reducing the dependence on manual
feature engineering. Third, differences in applicability and performance. Traditional machine
learning methods are suitable for problems with relatively small amounts of data and low
feature dimensions, with fast training speed and easy interpretation and understanding. A
neural network is particularly suited to a mass of data, performing well on these tasks. Fourth,
the difference in computing resources and time. Traditional machine learning method
typically has lower computational resource requirements and shorter training times. Training
neural networks, especially deep learning models, usually requires a lot of computational
resources and time. Fifth, difference in model complexity. The traditional machine learning
method model is relatively simple and easy to explain. For example, regression coefficient
of linear regression, branch rules of decision tree, etc. However, the neural network model is
highly complex, and the relationship between weights and nodes is difficult to explain
intuitively.

Because of the differences between them, each has its own advantages. The advantage of
neural networks is that they can automatically extract complex features from data and have a
strong ability to deal with unstructured data. The modeling ability of complex nonlinear
relationships is strong, and the forecasting accuracy is high. The advantage of traditional
machine learning is that it is simple and efficient, suitable for small data sets and rapid
development. The model is interpretable and easy to understand and trust. Therefore, neural
networks are often used to predict traffic flow and traffic accidents.

2.2 Relationship and possible combination points of traffic flow forecasting
and traffic accident forecasting

2.2.1 Temporal and spatial characteristics of traffic data

Spatiotemporal characteristics in traffic data refer to attributes or properties about time and
space. These characteristics include changes in traffic flow over time, such as daily, weekly,
and seasonal variations, as well as traffic density in different locations. By analyzing these
temporal and spatial characteristics, it can better understand the operation of the traffic
system, predict the occurrence and duration of traffic congestion, and then carry out more
reasonable traffic planning.
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In terms of how existing models model and capture spatiotemporal characteristics in
traffic data, existing models usually use and combine a variety of techniques to model and
capture spatiotemporal features in traffic data. These technologies mainly include (1) Time
series analysis and forecasting: using time series models such as Autoregressive Integrated
Moving Average (ARIMA), Prophet, etc., to analyze the characteristics of time changes in
traffic data. These models are able to predict future traffic flows and congestion. He used the
combined model of ARIMA and LSTM to predict short-term traffic flow at intersections, and
the results showed that the ARIMA model could meet the forecasting of the linear part of
traffic flow data [4]. (2) Spatial data analysis: spatial statistical methods and geographic
information system technology are used to analyze the spatial characteristics of traffic density
and flow distribution in different locations. (3) Deep learning: Zhu uses a combination model
of residual network and graph attention network to extract spatial features in traffic flow in-
depth, and uses bidirectional simple cycle units to extract temporal features [5]. (4)
Spatiotemporal data mining: Such as trajectory analysis, spatiotemporal clustering, and
association rule mining, are used to identify and understand spatiotemporal patterns and
associations in traffic data

2.2.2 Relationship between traffic flow forecasting and traffic accident forecasting

Traffic flow forecasting is the forecasting of traffic conditions of a certain section of road or
a region, usually based on historical traffic data, real-time monitoring data, weather
information, and so on. The common methods of traffic flow forecasting include time series
analysis, machine learning models, simulation models, and so on. Traffic accident forecasting
is to predict the probability and location of traffic accidents that may occur in the future.
Common methods include statistical analysis, machine learning, spatial analysis, etc. [6].
Traffic flow forecasting involves analyzing and predicting the volume of vehicle traffic on
the road, helping to optimize traffic mobility and reduce congestion. Traffic accident
forecasting, on the other hand, focuses on identifying risk factors and areas that may lead to
accidents, as well as taking steps to reduce the incidence of accidents in advance.

Existing studies have extensively discussed the relationship between traffic flow
characteristics and traffic safety. Zhong et al. explored the correlation between traffic flow
characteristic parameters and traffic safety from multiple aspects through statistical analysis
methods such as multivariate polynomial ratios [7]. The results show that there is a statistical
relationship between traffic flow, saturation, speed difference of large vehicles the proportion
of large vehicles, and the probability and severity of traffic accidents. Besides, the
characteristic data of traffic flow and traffic accidents are collected and analyzed, and the
generalized linear regression method is adopted to establish a traffic accident forecasting
model for a four-lane expressway in China. The model quantitatively describes the impact of
traffic characteristic parameters on highway safety from a microscopic point of view and
reveals that the distribution of highway traffic accidents is mainly affected by dynamic traffic
flow parameters at the mathematical level of Objective facts and their characteristic laws.
Aiming at the problem of expressway traffic flow under traffic accidents, Le et al proposed
a long short-term memory network model (Multi-Scale Dynamic Convolution Long Short-
Term Memory Network) based on the maximum deviation similarity criterion to predict
expressway traffic flow under traffic accidents [8]. Through simulation experiment analysis,
the MDSC-LSTM neural network model is effective in predicting traffic flow under traffic
accidents, and it is concluded that large traffic flow may cause congestion or even accidents,
and when an accident occurs, it may have a certain impact on the traffic flow around the
accident point.

The relationship between traffic flow forecasting and traffic accident forecasting mainly
includes the following three aspects. First, is data complementarity. The concept of data
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complementarity refers to the fact that traffic flow data, such as vehicle flow, speed, density,
and traffic accident data, such as the time, place, and severity of the accident, can complement
and influence each other. The change in traffic flow may not only directly affect the
probability of accidents and the severity of accidents, but also indirectly affect the accident
risk by affecting the efficiency of road use. At the same time, the occurrence of accidents
may, in turn, affect the dynamic change of traffic flow through traffic jams or road closures,
and then produce a chain effect, affecting the traffic status of the surrounding roads. Through
in-depth analysis of the complex interaction between these data, it can reveal the deeper
causal relationship and influence mechanism in the traffic system, and provide theoretical
support and data basis for formulating more effective traffic management strategies. Second,
common goals. Both aim to improve road safety and efficiency. Traffic flow forecasting
focuses on analyzing and predicting traffic volume and mobility, with the main goal of
reducing traffic congestion and improving overall traffic management efficiency. By
understanding future traffic flow trends, traffic management departments can take measures
in advance to optimize traffic signals and allocate road resources, thereby improving road
capacity and driving efficiency. Traffic accident forecasting, on the other hand, focuses on
predicting the occurrence and severity of accidents, with the goal of reducing the incidence
and impact of accidents. Through the analysis of historical accident data and environmental
factors, high-risk areas and time periods can be identified, and preventive measures can be
taken, such as improving road design, strengthening law enforcement, and enhancing driver
safety awareness, in order to reduce the occurrence of traffic accidents and the resulting
losses. Although the specific priorities of the two are different, they are all working in the
same direction to build a safer and more efficient transportation system. Third, a common
approach. CNN and bidirectional Long short-term memory networks can be used effectively
in traffic flow forecasting and traffic accident forecasting. For example, in traffic flow
forecasting, CNN can process image data captured by traffic cameras; In accident forecasting,
CNN can process high-dimensional features such as road conditions and traffic signals.
Bidirectional Long Short-Term Memory Networks are used to capture time dependencies in
time series data. In traffic flow forecasting, BILSTM can analyze the change in traffic flow
with time. In accident forecasting, BILSTM can deal with the time pattern of accident
occurrence and other relevant time characteristics.

2.2.3 Possible combination points

The possible combination points of traffic flow forecasting and traffic accident forecasting
can be considered from the following aspects. First, data. Combining traffic flow data, real-
time traffic monitoring data, sensor data, and accident data, such as historical accident records
and emergency incident reports, can provide a more comprehensive basis for analysis.
Specifically, traffic flow characteristics such as peak hour flow, road congestion index, etc.,
can reflect road usage and congestion degree in different time periods. The accident
characteristics, such as weather conditions and road conditions, can reveal the external
environmental factors of the accident. For example, real-time traffic monitoring data and
sensor data can provide information on vehicle flow, speed, and density to help us identify
areas of traffic flow that are likely to be congested and at high risk. Historical accident records
and emergency reports can provide information on the location and time period of frequent
accidents, revealing which road sections are more likely to have accidents under certain
conditions [9]. By combining these data, it can find the correlation between traffic flow and
accident occurrence. Further, it can construct a traffic accident forecasting model based on
multi-source data. Combining traffic flow characteristics with accident characteristics can
improve the accuracy of the forecasting model. This not only helps to identify potential
accidence-prone areas in advance and formulate more effective traffic management and
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control strategies, but also provides decision support for traffic management departments,
optimizes resource allocation, improves road safety and traffic efficiency, and promotes the
development of intelligent transportation systems. Second, method. CNNS and BiLSTM
show great power when processing traffic data because they are able to handle both spatial
and temporal features. Specifically, CNN is good at extracting spatial features from data and
is able to identify patterns and structures in traffic flow. For example, CNN can extract spatial
information such as traffic flow density and speed distribution from traffic surveillance
videos or high-resolution traffic flow images. BILSTM is good at handling time series data
and is able to capture time dependencies and dynamic changes in the data. For example,
BiLSTM can analyze the time series patterns in traffic flow data and identify the traffic
variation rules during peak, off-peak and off-peak hours. The combination of CNN and
BiLSTM is applied to the merged traffic data set, which can realize the simultaneous
forecasting of traffic flow and accident probability. In terms of specific operation, the spatial
features, such as traffic density and congestion of different sections, are extracted by CNN
first. Then, BILSTM is used to process the time series information of these spatial features
to capture the changing trend and pattern of traffic flow over time. This combination of spatial
and temporal features allows the model to more accurately predict changes in traffic flow and
potential accident probabilities.

3 Data types and technologies to improve the accuracy of traffic
flow forecasting

Researchers use a variety of data types and techniques to improve the accuracy of traffic flow
forecasting. In terms of data, it mainly includes the following types. In terms of data, it is
mainly divided into the following seven types of data (1) Historical traffic flow data. (2)
Real-time traffic data: such as Global Positioning System (GPS) data. Remote sensing data,
etc. (3) Raster data (4) External data: such as weather data, socio-economic data, road and
infrastructure data, environmental data, etc. (5) Figure structure data. (6) Data generated by
vehicles or sensors: such as taxi track data, and mobile phone signaling data. (7) Point of
Information Distribution data: location information of restaurants, shops, entertainment
venues, tourist attractions, etc. In terms of technology, it is mainly divided into the following
seven technologies (1) Convolutional neural network technology. (2) Residual technique.
The above two technologies can be used to construct a spatio-temporal information fusion
module, extract spatio-temporal characteristics, and use it for the forecasting of subsequent
traffic. (3) Fully connected networks and convolution: more efficient collection of
meteorological data. (4) Convolutional Long Short-Term Memory (ConvLSTM): it is a
model that combines CNN and LSTM, especially used to process spatiotemporal data [10].
(5) Visual converters: capturing potential long-distance spatial dependencies between urban
areas. (6) Geographic Information System (GIS) technology, time series analysis. (7) Big
data analysis technology: such as data mining technology.

4 Conclusion

This paper introduces some mainstream neural networks and their functions in traffic flow
and traffic accident forecasting, then analyzes the relationship between these two types of
forecasting, and prospects the possible combination points of them. The conclusion of this
paper is that the relationship between the two types of forecasting mainly includes
complementary data, common goals, and common methods. In terms of existing and possible
future combinations, they can be combined in terms of data and methods. There are also some
limitations in this study. For example, it is not considered that there is a certain difficulty in
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data combination, traffic flow data, and accident data usually come from different sources,
data format and quality may be inconsistent, and the inconsistency of data may lead to the
limited effect of the forecasting model. In addition, traffic accidents have great randomness
and uncertainty. Although some patterns can be identified by statistical methods, many
accidents are accidental and difficult to predict. Based on the findings of this paper, future
research could consider developing efficient data processing and analysis techniques to
acquire and process large amounts of data in real-time to support real-time forecasting. And
strengthen the interdisciplinary cooperation in the fields of traffic engineering, computer
science, data science, psychology, etc., comprehensively apply the knowledge and methods
of various disciplines, and enhance the comprehensiveness and innovation of research. In
general, this paper provides an indirect view of the possible intersection of traffic flow
forecasting and traffic accident forecasting and provides a basis for future research and
practice. Hopefully, this paper will be useful for the development of related fields and trigger
more meaningful discussions.
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