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Abstract Predicting short-term traffic crashes is chal-
lenging due to an imbalanced data set characterized by
excessive zeros in noncrash counts, random crash occur-
rences, spatiotemporal correlation in crash counts, and
inherent heterogeneity. Existing models struggle to effec-
tively address these distinct characteristics in crash data.
This paper proposes a new joint model by combining the
time-series  generalized regression neural network
(TGRNN) model and the binomially weighted convolutional
neural network (BWCNN) model. The joint model aims to
capture all these characteristics in short-term crash predic-
tion. The model was trained and tested using real-world,
highly disaggregated traffic data collected with inductive
loop detectors on the M1 motorway in the UK in 2019,
along with crash data extracted from the UK National
Accident Database for the same year. The short-term is
defined as a 30-min interval, providing sufficient time for
a traffic control center to implement interventions and
mitigate potential hazards. The year was segmented into
30-min intervals, resulting in a highly imbalanced data set
with over 99.99% noncrash samples. The joint model was
applied to predict the probability of a crash occurrence by
updating both the crash and traffic data every 30 min. The
findings revealed that 75.3% of crashes and 81.6% of
noncrash events were correctly predicted in the southbound
direction. In the northbound direction, 78.1% of crashes
and 80.2% of noncrash events were accurately captured.
Causal analysis and model-based interpretation were used
to analyze the relative importance of explanatory variables
regarding their contribution to crashes. The results reveal
that speed variance and speed are the most influential
factors contributing to crash occurrence.
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1 Introduction

Traffic crashes have significant economic and societal
implications, including infrastructure damage, delays, and
loss of life. In 2022, there were approximately 1.35
million fatalities globally due to traffic crashes (WHO,
2022), with 27,795 serious injuries and fatalities occurring
in the UK alone (UK gov, 2022). Proactive traffic safety
management has emerged as a primary approach to
reduce traffic crashes, driven by the availability of
advanced data sources such as loop detectors, cameras,
radars, and lidars on motorways (Abdel-Aty et al., 2010).
Real-time crash prediction (RTCP) is a key component of
proactive traffic management aimed at identifying crash
risks and implementing measures to ensure safe traffic
conditions. The RTCP involves predicting crash occur-
rences within a short time frame using instantaneous traffic
dynamics (Hossain et al., 2019).

Short-term crash prediction plays a crucial role in
enhancing overall traffic safety, enabling proactive road-
way safety management, and preventing potential traffic
incidents (Zheng and Sayed, 2020). Lee et al. (2003)
proposed a probabilistic Bayesian model to estimate
crash risk in real time, emphasizing the need to monitor
short-term traffic conditions. Cai et al. (2022) utilized
computer vision techniques to extract dynamic traffic
features from roadside surveillance cameras for crash
prediction and found a strong correlation between crash
characteristics and dynamic traffic data.

Although proactive traffic safety management systems
have been extensively studied over the past decade,
several challenges persist in short-term crash prediction.
Unlike when predicting traffic conflicts between ego and
preceding vehicles, accurately predicting the occurrence
of an actual traffic crash is highly unlikely. Obtaining
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sufficient historical crash data requires several years of
collection. Moreover, historical crash data are severely
imbalanced, especially when segmented into short time
windows. While many studies have focused on real-time
prediction of traffic conflicts using sensors on ego vehi-
cles, few have considered short-term prediction using
roadway-based analysis.

In a study by Huang et al. (2020), the sensitivity of the
time window on crash prediction accuracy was investigated
for intervals of 1, 5, and 10 min. The researchers
concluded that accurately predicting crashes 10 min prior
to their occurrence is particularly challenging. This chal-
lenge is further amplified when predicting crashes within
30-min intervals. However, this timeframe provides an
opportunity for traffic control centers and highway opera-
tional teams to implement effective safety measures with-
out significantly disrupting traffic conditions.

This paper proposes a new approach called the time
series generalized regression binomial weighted convolu-
tional neural network (TGRCN) model for short-term
traffic crash prediction. The model utilizes dynamic
weights sampled from binomial regression. The TGRCN
is a joint model consisting of a time series generalized
regression neural network (TSGRNN) and a weighted
CNN model (WCNN). By considering instantaneous
spatial temporal structures in traffic dynamics and their
relationships with traffic crashes, this technique effectively
addresses the issue of data imbalance in the model. To
the best of our knowledge, this is the first implementation
of a time-series GRNN for crash prediction. The unique-
ness of this method lies in its integration of a binomial
weighted CNN.

The time-series GRNN is employed to predict the traffic
state at time ¢ based on data from time ¢ — 1, allowing for
the prediction of crashes within the same time dimension
using the WCNN. A forensic analysis of the model’s
performance is conducted through causal effect analysis,
enabling targeted actions to reduce crash risk. The
model’s output not only identifies the higher risk of a
crash but also provides insights into the causes behind it.

To train and test the model, real-world data are utilized.
Specifically, traffic data collected from loop detectors on
the M1 motorway in the UK in 2019 are employed, and
crash data are extracted from the STATS19 database for
the same year. The data set consists of 244 crashes and
more than 99.999% noncrash events. To address the data
imbalance, the synthetic minority oversampling technique
(SMOTE) is used to oversample the crash data. These
oversampled data are then used to train the weighted
CNN and obtain a classifier that captures the relationship
between crash data and dynamic traffic variables.

The joint TGRCN model conducts crash prediction by
updating crash and traffic data every 30 min. The results
surpass those mentioned in many other papers on real-
time crash prediction. Our method successfully detects
crash events and classifies noncrash events. To validate

the superiority of our new method, we compare the
results from the TGRCN joint model with those of
several other types of neural networks, including multilayer
perceptron (MLP), a time series artificial neural network,
a long short-term memory network (LSTM), a spatiotem-
poral graph convolutional neural network (STGCN), a
generalized autoregressive conditional heteroskedasticity
(GARCH), and an autoregressive integrated moving aver-
age (ARIMA). We evaluate their prediction accuracy in
short-term crash occurrence and find that the STGCN
performs the best among the others. Although the
spatiotemporal graph convolutional neural network is
widely applied in predicting urban city traffic data, as
initiated by Yu et al. (2018), it has not yet been applied to
short-term crash prediction. Our proposed model in this
paper shows significant improvements in the results,
outperforming the STGCN graph neural network in short-
term crash prediction.

Additionally, we employ the Intermediate ConvNet
Activation Visualization and Local Interpret Model-
agnostic Explanation (ICAV-LIME) combined method
for model interpretability. This method is used to visualize
the feature maps in different convolution layers in the
CNN and calculate the importance of the input variables.

This paper will first discuss related works in Section 2,
followed by data preparation and presentation in Section
3. Section 4 proposes the methodology, and Section 5
presents and discusses the results. Finally, the work is
concluded in Section 6.

2 Related works

The analysis of short-term crash prediction has attracted
considerable interest and focus in modern traffic analysis.
The primary goal of short-term crash prediction is to
proactively manage road safety by exploring the hypothesis
that the likelihood of a crash occurring is connected to
instantaneous dynamic traffic data during that period
(Zheng and Sayed, 2020). However, due to the scarcity of
actual crashes, crash risk and traffic conflicts are often
utilized as proxies for real crash occurrences. Hossain
and Muromachi (2012) constructed a Bayesian-based
network to predict real-time crash risk instead of the
actual number of crashes. Zheng and Sayed (2020)
employed traffic conflicts extracted from informative
vehicle trajectories as an intermediary for crash predic-
tion. Machiani and Abbas (2016) proposed a real-time
surrogate safety measure to assess safety at intersections
based on traffic conflicts. Using actual crash data to
develop real-time and short-term crash prediction models
is inherently challenging due to the highly imbalanced
data set. Additionally, while ARIMA has been extensively
employed in constructing prediction models, it is unsuit-
able for short-term crash prediction because traffic-crash
data consist of nonnegative, skewed distributions, thereby
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violating the underlying normal distribution assumption
of errors (Quddus, 2008; Cai et al., 2024).

Hossain et al. (2019) classified real-time crash prediction
methods into two categories: statistical methods and data-
driven methods. They demonstrated that commonly used
statistical methods include logit and probit models, as
well as mixed generalized linear models. Machine learning
classification models and Bayesian networks are also
popular data-driven methods. Basso et al. (2018) applied
their model to raw imbalanced data without generating
synthetic data. They initially employed a random forest
method to determine the most significant variables and
then developed an RTCP model using logistic regression
and SVM, achieving an accuracy of 67.89% with a false
positive rate of 20.94%.

Theofilatos et al. (2019) compared various machine
learning and deep learning methods for crash prediction
and demonstrated that deep neural network models exhib-
ited the highest accuracy compared to random forests,
decision trees, logistic regression, SVMs, and shallow
neural networks. Yang et al. (2022) proposed the rein-
forcement learning tree method, which outperformed the
deep neural network model by detecting 96% of crashes
with a false alarm rate of 10%. Convolutional neural
networks (CNNs) were initially developed by Yann
LeCun, a computer scientist, during the 1980s (Lecun
and Bengio, 1995). This type of artificial neural network
utilizes a mathematical operation called convolution.
CNNs were originally designed for image processing and
focused on pixel manipulation; however, CNNs have
since been applied to various other domains, including
crash prediction. Basso et al. (2021) conducted research
using a multiple-input CNN combined with a deep
convolutional generative adversarial network, which
yielded the most favorable results among oversampling
methods. Rahim and Hassan (2021) also employed a
CNN model alongside a customized fl-loss function.
They transformed their crash data into images using a
nonlinear dimensionality reduction technique called
t-SNE and a convex hull algorithm.

The utilization of historical crash data entails handling
highly imbalanced data sets due to the rarity of crash
events. Consequently, oversampling methods have been
extensively employed in the literature. Common tech-
niques for generating synthetic data include the SMOTE,
adaptive boosting, and generative adversarial networks
(GANs). Man et al. (2019) not only demonstrated the
effective use of GANs for synthetic data generation but
also showed the model’s success when applying transfer
learning to other motorways. To address the issue of zero-
inflation, some researchers suggest using models that
inherently account for this aspect. Pew et al. (2020)
argued that zero-inflated models are appropriate for
specific scenarios and outperform other state-of-the-art
approaches. Their work concluded that zero-inflated
binomial regression is the most effective method. Song

et al. (2021) provided an example of the use of a zero-
inflated binomial regression model in a case study
involving freeway bridges. Additionally, CNNs are
highly adept at handling imbalanced data due to their
ability to recognize specific features. Yu et al. (2020)
proposed a focal loss function that enhances the ability of
CNN s to predict crashes in imbalanced data sets.

The significance of understanding the events leading up
to a crash to predict the crash itself cannot be overstated.
Therefore, incorporating time dependencies is crucial for
real-time crash prediction. Numerous studies have
employed time-series methods in an effort to address this
challenge. Sun and Sun (2015) developed a dynamic
Bayesian network (DBN) model using time sequence
traffic data and compared it with a static Bayesian
network. Their findings demonstrated that considering
time improves both accuracy and transferability.
Hassouna and Al-Sahili (2020) utilized an ARIMA
method to examine the impact of the crash data set’s size,
measured in years, on the accuracy of predictions. Yuan
et al. (2019) proposed a long short-term memory recurrent
neural network (LSTM-RNN). While many studies have
focused on real-time traffic conflict prediction methods,
few have addressed real-time short-term crash prediction.
The latter is critical because it allows proactive safety
management to be implemented.

Some studies have combined spatial and temporal
features. For instance, Li et al. (2020) developed an
LSTM-CNN crash prediction model that captures temporal
dependencies using LSTM and detects time-invariant
attributes using a CNN. An improved approach incorpo-
rating an attention layer into the LSTM model has been
proposed (Hema and Kumar, 2022; Li and Abdel-Aty,
2020). The inclusion of the attention layer has been
shown to significantly enhance the model’s performance
in capturing time-series data, further highlighting the
importance of considering time series in crash prediction.

LSTM models are commonly used to analyze temporal
data, but in regard to studying traffic and crash data, they
have some limitations. One major drawback is their
inability to capture seasonality or calendar effects.
Furthermore, the gated system of LSTMs does not
consider time in the same way that traditional time-series
methods do to perform partial autocorrelation. To address
these limitations, this study proposes the use of a time
series generalized regression neural network (Martinez
et al., 2022). This method not only has an improved ability
to capture time series patterns but is also more inter-
pretable.

The concept of lag is employed to define the number of
time steps the model should consider in the past. This can
be either predetermined or fine-tuned during the training
process by the model itself. Additionally, the model
incorporates a weighted sum approach at the end of each
layer, giving more importance to the most significant
training patterns. The use of the radial basis function
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(RBF) adds efficiency and speed to the training process,
as RBFs have single-pass learning, only one parameter,
and produce deterministic results (Martinez et al., 2022).
Therefore, this method is well suited for real-time predic-
tion of short-term traffic conditions and will perform
effectively on the real-time data collected for this study.

Interpretation of the causes of traffic crashes is crucial
for proactively preventing motor vehicle collisions. In a
study conducted by Roilson et al. (2018), an assessment
of the perspectives of law enforcement, the opinions of
ordinary drivers, and road accident records was
performed to investigate the main factors contributing to
traffic crashes. Athiappan et al. (2022) utilized the Spear-
man ranking frequency index to rank influential factors
that lead to traffic accidents and found that human factors
were the primary cause of accidents, followed by vehicle
factors and geometric factors. Elyassami et al. (2020)
employed gradient boosting trees to predict traffic
crashes and discovered that disregarding traffic signals,
road design issues, poor visibility, and adverse weather
conditions were influential factors in road accidents. The
use of deep learning methods is often referred to as a
“black box” due to challenges in interpreting the relation-
ship between classification results and classifiers. Tradi-
tional machine learning model interpretation methods,
such as random forests and gradient boosting, cannot be
employed to conduct feature selection and analysis in
deep neural networks. Therefore, a method known as
local interpret model-agnostic explanation (LIME) is
proposed in this study to analyze the contributing factors
and variable importance in short-term crash incidents
using a CNN model. LIME explains the predictions of
any classifier by approximating it locally with an inter-
pretable model (Ribeiro et al., 2016). A common
approach to model-agnostic explanation is to learn a
potentially interpretable model by capturing the explana-
tion as a gradient vector that reflects a similar locality
intuition on the predictions of the original model (Ribeiro
et al.,, 2016). LIME is commonly used to explain the
importance of classifiers in image classification and
ensemble learning tree-based methods. In our study, it is
applied to analyze crash-indicating factors in CNN classi-
fication.

3 Data presentation and processing

The MIDAS data set, which contains microscopic traffic
data collected by loop detectors every minute, is stored in
a database operated by Mott McDonald. This data set
consists of five prediction variables: speed variance,
speed, flow, occupancy, and headway. These variables
effectively capture the dynamic traffic state. By accessing
the location coordinates of the junctions and loop detec-
tors, loop detectors can be classified into different road
segments spanning junctions to junctions. They are also

separated in the northbound and southbound directions.

Averaging the loop detector data over road segments
allows for compensation because certain loop detectors
do not collect data at certain times. The traffic variables
were averaged over all the lanes and a period of 30 min,
except for flow, which was summed over that time period
and then averaged over all the lanes. Additionally, the
speed variance was calculated and added as a new vari-
able. Our data cover junctions 1 to 12 and junctions 15 to
28 in both directions.

Crashes that occurred on M1 in 2019 were extracted
from the database. A map matching algorithm was
applied to compute the exact coordinates of the crash
locations (Quddus et al., 2003). Based on the precise
location, the crashes were classified into the different
road segments used to group loop detector traffic data.
The direction of the vehicle just before the crash was
used to determine the vehicle’s direction, as the traffic
data were separated for northbound and southbound
travel. When the direction was not available, it was
randomly assigned. As the traffic data are formatted in 30-
min intervals spanning the entire year, the crashes need to
be assigned to a 30-min interval. This was achieved using
the date and time of the crashes and converting it to the
corresponding traffic data index. Once the time index was
computed, a new crash variable was added to the traffic
data, indicating whether a crash occurred (1) or not (0).

The M1 motorway is one of the most important motor-
ways in England, connecting London to Leeds and passing
through several important cities such as Milton Keynes,
Northampton, Leicester, Nottingham, and Sheffield. It
was the first interurban motorway built in the UK. The
data set built for this study covers a significant portion of
the motorway, starting at junction 1 near London and
ending at junction 25 near Nottingham. However, due to
construction work for the smart motorway project, junc-
tions 13 to 15 were not available in 2019.

The traffic variables are presented in Table 1, with
descriptive statistics of the data for the whole year of
2019 for junctions 1 to 2 as an example.

4 Methodology

Short-term crash data exhibit high dispersion and spar-
sity. The presence of extremely imbalanced data sets
poses challenges in capturing pro-crash traffic dynamics
and accurately predicting crashes. The temporal and
spatial characteristics of dynamic traffic variables play
significant roles in crash occurrence. This paper proposes
a model composed of two components: (i) a time series
generalized regression and (ii)) a binomial weighted
convolutional neural network. The model structure is
comprehensive because it addresses temporal characteris-
tics such as autocorrelation and seasonality, along with
spatial correlation and imbalanced sample issues, by
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Table 1 Descriptive statistics for explanatory variables

Variable Label Flow Speed Occupancy Headway Speed variance
Unit Crash:1 Vehicles/30 min per lane km/h Vehicles/m m km/h
Noncrash:0

Mean 0 131.47 81.78 5.06 84.22 62.00
1 133.75 87.82 2.97 96.43 60.67

Standard deviation 0 4.56 14.20 9.78 2091 29.62
1 19.04 1.96 0.58 6.71 21.88

Min 0 0.00 6.70 0.00 0.00 0.00
1 112.25 85.56 2.34 92.08 35.84

Max 0 441.0 99.00 73.38 139.63 481.00
1 148.5 88.98 3.48 104.16 77.10

extracting crash features from the projected chromagram
image. The functional architecture of the joint model is
illustrated in Fig. 1. Initially, a TSGRNN was employed
to predict future traffic states X,,; based on a sequence of
past and current traffic states X, , ,. The traffic state is
characterized by five variables: speed, speed variance,
flow, occupancy, and headway. The output of this
component is then fed into a Binomially WCNN to
predict the crash probability ¥,,, in the next 30-min inter-
val. However, merely predicting the crash probability is
insufficient for a traffic control center to take any inter-
vention measures without understanding the contributing
factors to collision risk. Hence, a forensic analysis is
conducted on the predictive model’s results to identify
such factors and enable targeted actions for crash preven-
tion. The following section offers a brief discussion of
the two components of the model.

4.1 Time series generalized regression neural network
(TSGRNN)

The generalized regression neural network (GRNN) is a
generalized version of the ANN that has shown superior
performance in various domains compared to ANNSs
(Martinez, et al.,, 2022; Martinez-Blanco, et al.2016;
Martinez, et al., 2018,). In contrast to the commonly used
back propagation in ANNSs, the GRNN utilizes a memory-
based RBF network as a hidden layer, allowing for the
estimation of continuous variables and convergence to
linear or nonlinear regression surfaces (Specht, 1991).
This makes the GRNN suitable for handling sparse data
in multidimensional measurement spaces, enabling both
classification and regression tasks in cases where linearity
cannot be justified (Specht, 1991).

However, the conventional GRNN fails to incorporate
the time series structure, including autocorrelation,
seasonality, and moving average, which are crucial in
temporal-related use cases. To address this limitation, an
RBF neural network is introduced. It projects nonlinear
data onto a hyperplane and includes temporal parameters

to capture time features in the following ways: 1) it uses
single-pass learning; 2) it sets smoothing parameters to
tune the weighted average in the output; and 3) it
produces deterministic results after choosing the smooth-
ing parameter (Martinez, et al., 2022). This modified
model is referred to as the TSGRNN.

The model and its application can be represented as
follows:

Xyl = f(Xt—k ..... [)5 (1)

where X is a vector of the traffic characteristics, f is the
time-seriecs GRNN model and k is the lag value. The
GRNN is composed of three layers: an input layer, a
hidden layer of RBF neurons, and an output layer. The
radial basis function is the multivariate Gaussian func-
tion:

G(x,x;) = exp (— %) , (2)

where x; represents the center parameter, o represents
the smoothing parameter, and x is the input variable
vector. The structure of the GRNN can be displayed as
follows in Fig. 2.

Each data point in the time series inputs is assigned a
weight proportional to its proximity to the prediction
time, thus emphasizing the importance of closer values
over those further away. The values are then aggregated
in a weighted sum, as presented in Eq. (3):
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The weights sum to one, and the smoothing parameter
influences the number of variables that play a significant
role in the outcome (Martinez, et al., 2022). When the
smoothing parameter o is large, the weights are small
and similar, and the output is close to the target average.
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Fig. 2 TSGRNN structure (adapted from Martinez et al., 2022).

If the smoothing parameter o is small, only the closest
targets have significant weights that influence the predic-
tion (Martinez, et al., 2022).

In the interim, the selection of appropriate lag values is
crucial when considering seasonality. The autocorrelation
(ACF), partial autocorrelation (PACF), and time differ-
encing methods proposed in the ARIMA model can be
utilized to determine lag values. Generally, if there is
evidence of a seasonal period, lags should be chosen
based on the seasonal patterns observed, such as weekly,
monthly, or quarterly. The significant lag values are then
selected to establish training patterns for testing the linear
relationship (Martinez, et al., 2022).

4.2 Binomial weighted sequential convolutional neural
network (WCNN)

Convolutional neural networks are commonly employed
in tasks such as image recognition, pattern recognition,
and signal processing due to their ability to learn translation
invariant patterns with spatial hierarchies (Chollet, 2018).
CNNs, as powerful classifiers for feature extraction and
spatial correlation analysis, have been applied to various
anomaly detection tasks involving highly imbalanced
data sets. In this context, CNNs project sequential data
onto chromagram images and employ convolution
neurons to extract spatial features for classification
purposes. To handle extremely imbalanced data, CNNs
assign different weights to different classes. The less
representative class typically receives a higher weight,
compelling CNNs to adjust the weights in the direction of

the gradient descent during the training process (Han and
Jeong, 2020). This paper proposes a binomial sampling
weighted CNN to capture the overdispersion characteris-
tics in traffic crash data. Dynamic weights following a
binomial distribution are assigned to each training step
when fitting the CNN model by tuning the parameters to
increase the probability of correctly classifying traffic
crashes from noncrash events. The CNN model proposed
in this study has a sequentially based structure consisting
of three convolutional layers and two densely connected
layers, forming a formidable learner. Dropout is also
utilized to mitigate overfitting. The rectified linear unit
function is used as the activation function. In total,
20,898 parameters are tuned through a backpropagation
process. The architecture of this deep learning neural
network consists of 30 epochs, with each epoch trained to
tune the parameters over 100 steps. The structure is illus-
trated in Fig. 3.

SMOTE was used to generate crash data for training
the CNN model, enabling the learner to stabilize its gradi-
ents and tune the parameters with an adequate amount of
crash data. However, the model was tested using the orig-
inal data set to assess its accuracy in real-world scenarios,
thereby validating its suitability for industry applications.

4.3 Joint model of the generalized regression neural
network and weighted CNN (TGRCN)

The conventional spatiotemporal model predicts the
future state at time #+ 1 by considering data from time
t—k to t. Although this model captures the autocorrelated
temporal structure and incorporates spatial characteristics
with a one-step lag, it fails to account for the spatial
correlation between traffic crashes and dynamic traffic
data occurring in the same time dimension. As a result, a
novel approach is needed to accurately predict traffic
crashes by jointly modeling dynamic traffic data in the
same time dimension. In this study, we propose a joint
model called the TGRCN. The TGRCN model combines
the TSGRNN model, which predicts the values of covari-
ates at time 7+1, with the weighted CNN (WCNN)
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Fig. 3 Sequential convolutional neural network structure.

model, which forecasts the probability of a crash event in
the same time dimension. This unique framework allows
us to capture spatial hierarchies and analyze spatial
features rather than solely relying on temporal autocorre-
lation. Utilizing binomial weights empowers CNNs with
strong classification abilities, specifically in detecting and
studying underrepresented classes. Consequently, the
TSGRNN model is utilized to obtain the predicted values
of dynamic traffic variables at time ¢+ 1, serving as input
for the CNN to construct the chromagram image at the
same time stamp. The TSGRNN learns temporal features,
while the weighted CNN extracts spatial correlation
features within the same time dimension. By leveraging
both methods, the joint model effectively decomposes
crash characteristics and maximizes the prediction ability
of the TSGRNN and CNN, compensating for their
respective limitations.

To evaluate the performance of the TGRCN model, we
compare it with state-of-the-art models that capture both
spatial and temporal components in crash data. One such
model is the STGCN. The STGCN model consists of
multiple spatiotemporal convolutional blocks, each
composed of two gated sequential convolution layers and
one spatial graph convolution layer (Yu et al., 2020). To
address the gradient overdispersion issue and reduce
network load, residual connections and a bottleneck strat-
egy are implemented within each block (Yu et al., 2020).
The input, v,_y.1,...,V,, is uniformly processed by these
spatiotemporal blocks to effectively handle spatial and
temporal dependencies. The output layer then integrates
these comprehensive features to generate the final predic-
tion (Yu et al., 2020).

In this paper, we propose the Transformer-based
Spatial-Temporal Transformer Network (STTNs), along
with the Graph Convolutional Network Accelerator on
Versal ACAP Architecture (H-GCN) and the Temporal
Graph Convolutional Network (T-GCN), to predict near-
future crashes (Zhang et al., 2022; Zhao et al., 2018).
STTNS incorporates a graph neural network (GNN) variant
called spatial transformer, which dynamically models

directed spatial dependencies using a self-attention mech-
anism to capture real-time conditions and traffic directions
(Xu et al., 2020). Xu et al. (2020) defined a short-term
temporal range as less than 30 min and a long-term
temporal range as greater than 30 min. STTNS leverages
both dynamical directed spatial dependencies and long-
range temporal dependencies to improve the accuracy of
long-term traffic condition prediction (Xu et al., 2020).

H-GCN, proposed by Zhang et al. (2022), is a
programmable logic and Al engine-based hybrid acceler-
ator that utilizes the emerging heterogeneity of Xilinx
Versal Adaptive Compute Acceleration Platforms to
achieve high-performance GNNs. Each graph is partitioned
into three subgraphs based on inherent heterogeneity
(Zhang et al., 2022). H-GCN is also employed in traffic
flow prediction, offering fast speed and moderate accu-
racy. The T-GCN combines a graph convolutional
network (GCN) with a gated recurrent unit (GRU) (Zhao
et al., 2018). The GCN captures spatial dependence,
while the GRU learns the dynamic changes in temporal
traffic data structures (Zhao et al., 2018). The T-GCN is
widely used for predicting traffic dynamic patterns at
urban junctions.

4.4 Causal interpretable implications of variable contri-
butions from TGRCN predictions

Causal analysis and model-based interpretation go
beyond association analysis and correlation. They incor-
porate concepts such as intervention analysis and coun-
terfactual reasoning (Dablander, 2020). These approaches
provide visual diagrams to interpret the statistical depen-
dencies between independent variables and outcomes.
Causal effect displays employ do-calculus to examine the
influence of X leading to a change in Y (Cartwright,
2010). Deep learning models are often considered “black
boxes” due to their complex network structures and lack
of interpretability. The visualization and interpretation of
CNN models can be particularly challenging due to the
sequential and densely connected convolutional layers
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(convnets). One commonly used method for understanding
how input layers are transformed into successive convo-
lutional layers is intermediate ConvNet activation visual-
ization (ICAV) (Chollet and Allaire, 2018). By visualizing
feature maps, which consist of three dimensions (width,
height, and depth/channels), we can observe the indepen-
dent features encoded by each channel. This allows us to
see what features are learned by each layer in the CNN
(Chollet and Allaire, 2018). To interpret CNN feature
maps, we can apply the LIME technique. LIME assumes
that the CNN model is linear on a local scale and can
mimic the performance of the global model within a
specific locality (Ribeiro et al., 2016). The algorithm
logic is as follows (Ribeiro et al., 2016):

(1) Permute observation to create replicated feature
data with slight value randomness.

(2) The similarity measure between the original obser-
vation and the permuted observations is computed.

(3) At each iteration:

1) A CNN is fit to a portion of the variables from the
permuted data set.

2) The feature importance was assessed by testing the
model accuracy on another permuted data set scaled by
its similarity to the original observation.

3) The two previous steps are repeated by adding or
removing a feature at each iteration to compare feature
importance in terms of the prediction accuracy obtained.

4) The resulting feature weights are used to explain
local behavior that reflects the importance of individual
features.

By doing so, variable importance can be inferred from
the joint method of ICAV-LIME.

5 Findings

In our data preprocessing, we found that approximately
0.5% of the traffic data were missing. To address this
issue, we utilized the MissForest R package, which is
capable of filling in missing data considering the presence

of mixed data types. MissForest employs an iterative
nonparametric imputation technique based on random
forest ensemble learning (Stekhove et al., 2012). This
method imputes missing values by taking the average
over numerous unpruned classification or regression trees
and uses the built-in out-of-bag error to estimate the
imputation errors. To evaluate the suitability of random
forest imputation for missing values in our data set, we
intentionally generated “NA” (missing) values for 1% of
the known values in the training set. Subsequently, we
employed random forest to impute the true values for the
artificially generated missing values. The imputation
accuracy is shown in Table 2.

As presented in Table 2, there is a close alignment
between the average of the imputed values and the average
of the actual values in the training set. Based on this
observation, it is justifiable to utilize random forest impu-
tation techniques to address the missing values in the test
set given that the proportion of missing values is relatively
low.

To ensure the stability of the prediction model, a training
set consisting of data from the past six months was used.
During the fitting process, the model parameters were
fine-tuned using three months of data, which was desig-
nated the validation set. The remaining three months of
data were set aside as the test set to evaluate the accuracy
of the predictions. As previously discussed, the TSGRNN
model was applied to make predictions of dynamic traffic
variables at intervals of 30 min from time #—1 to time ¢.
The TSGRNN model trained the tuning parameters for
autocorrelation lags and weights by fitting a regression
model with the training data set. In the validation set, the
smoothing and center parameters, which control autocor-
relation and seasonality in the TSGRNN, were further
fine-tuned for optimization. In the testing data set, the
tuned parameters were fixed at the optimal values to
make predictions of traffic variables for the next half-
hour.

Initially, a WCNN model was trained on an oversampled
training data set generated using the SMOTE method.
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Table 2 Imputation accuracy for missing values in validation
Average Flow Speed Speed variance Occupancy Headway
Actual 262.0 858 7.69 68.17 74.25
Predicted 2593  83.8 6.59 70.21 76.55

The purpose of this was to create a robust classifier capable
of handling the extreme class imbalance in the data.
Subsequently, the trained model was validated using a
three-month validation set. This validation set consisted
of predicted dynamic traffic data obtained from the
TSGRNN, which served as input variables for the
weighted convolutional neural network. The validation
process aimed to assess the generalizability and accuracy
of the model and to fine-tune the initial weights for both
class and nonclass events. The TGRCN model was built
to predict crash occurrences in the following 30-min time
window in the unseen test set. Sensitivity, specificity,
negative predictive value (NPV), accuracy, and precision
were selected as the metrics for evaluation, as described
by Formosa et al. (2023). Given the imbalanced data,
“precision” may be a more appropriate criterion than
“accuracy” for measuring the prediction power, as
suggested by Yang et al. (2023).

The results are presented in Table 3.

As indicated in Table 3, the TGRCN model demonstrates
a commendable prediction rate for both crash and
noncrash events in the north and south directions.

Specifically, the model achieves an approximately 78%
prediction rate for crash events and 80% for noncrash
events in the north direction, compared to 75% for crash
events and 81% for noncrash events in the south direc-
tion. It is important to note that these results correspond
to the proportion of events in the original real-world data
set, not the oversampled data. Considering that more than
99.99% of the data consist of noncrash events, the
model’s ability to accurately classify the majority of
crash and noncrash events within the next 30 min is
impressive. This performance has significant implications
for real-time short-term traffic forecasting scenarios,
where precise classification is essential.

For comparison purposes, the STGCN model was also
applied to the same data set to test its prediction accu-
racy. To enhance its classification ability, the SMOTE
technique was employed to generate pseudo crash data in
the training set as an oversampling technique for model
comparability. Additionally, binomial weights were
assigned to create an attention mechanism during training
of the STGCN model. However, the prediction results
were not satisfactory compared to those of the TGRCN
model, as shown in Table 3. While the STGCN model
achieves high accuracy in noncrash prediction, it fails to
capture the characteristics of crash data and misclassifies
the majority of crash events. Therefore, the TGRCN
model outperforms the STGCN model in short-term crash
prediction. Similarly, the MLP and LSTM models

Table 3 Prediction accuracy comparison for the TGRCN and other predictive models for the northbound and southbound data of the M1 Motor-

way, UK
Method Direction Metrics employed to compare the predictive performance
Sensitivity Specificity NPV Accuracy Precision
H-GCN North 0.124 0.954 0.519 0.539 0.806
South 0.101 0.943 0.509 0.519 0.642
T-GCN North 0.089 0.957 0.512 0.523 0.674
South 0.088 0.969 0.515 0.529 0.739
STTNS North 0.222 0.914 0.540 0.568 0.721
South 0.215 0.930 0.542 0.573 0.754
STGCN North 0.351 0.944 0.589 0.644 0.862
South 0.292 0.958 0.572 0.622 0.874
MLP North 0.086 0.972 0.532 0.529 0.754
South 0.078 0.935 0.504 0.507 0.545
LSTM North 0.382 0.862 0.582 0.622 0.735
South 0.366 0.881 0.582 0.624 0.755
GARCH North 0.252 0.956 0.561 0.5 0.851
South 0.233 0.964 0.557 0.599 0.866
ARIMA North 0.121 0.97 0.525 0.545 0.801
South 0.118 0.962 0.522 0.54 0.756
TGRCN (Developed in paper) North 0.781 0.802 0.786 0.792 0.798
South 0.753 0.816 0.768 0.789 0.812
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accurately predict noncrash data, but they lack the ability
to differentiate crash data by utilizing dynamic traffic
parameters. Traditional time-series models such as the
ARIMA and GARCH models were also used to test the
prediction accuracy in near-future traffic crash analysis.
However, their ability to predict near-future traffic
crashes is inferior to that of deep learning-based neural
network models. This may be attributed to the limited
feature capturing ability of conventional time-series
models in scenarios characterized by an excess of zeros.
Although the TGRCN model sacrifices a slight decrease
in its ability to accurately predict noncrash data, it
achieves a good trade-off by forecasting more crash inci-
dents.

Both the H-GCN and T-GCN models struggle to classify
crash and noncrash data accurately. The STTNS model
performs better than the H-GCN and T-GCN models in
crash prediction, but it still falls short compared to the
TGRCN model. One possible explanation for the inferior
performance of the STTNS model to that of the TGRCN
model is that traffic crashes are rare incidents with high
uncertainty and randomness. Although transformer-
related models are widely used for predicting traffic
patterns such as traffic flows and speeds, they may not be
suitable for handling imbalanced classification problems.
Very limited literature is available on the use of GNNs or
transformer-related networks for short-term traffic crash
prediction.

The ICAV-LIME method was utilized to analyze the
importance of dynamic traffic variables in crash occur-
rence. The results demonstrate that speed variance is the
most crucial factor in crash prediction. In addition to
speed variances, speed, headway, occupancy, and traffic
flow are all contributing factors and have similar effects
on crash occurrence. The ranking order of variable contri-
butions is as follows: speed variances, speed, headway,
occupancy, and traffic flow (refer to Fig. 5).

6 Discussion and conclusions

This paper developed an integrated method consisting of
a time series generalized regression neural network and a
weighted convolutional neural network for short-term
crash prediction within 30-min intervals. The joint model,

Speed variance I—
Speed I
Headway e
Occupancy I—

Traffic flow I—
0 5 10 15 20

Fig.5 Variable importance for explanatory variables.

named the TGRCN, effectively captures both spatial and
temporal features present in segment-based crash data.
The results indicate that the TGRCN model outperforms
other state-of-the-art models, such as the STGCN, MLP,
and LSTM, in predicting near-future crashes. Speed vari-
ances emerge as the most critical contributing factor to
crash occurrence. While the literature has focused primar-
ily on traffic conflicts due to limitations in collecting
historical crash data, predicting real crashes has proven to
be more challenging due to the significantly lower likeli-
hood of occurrence. Furthermore, the TGRCN model
offers increased applicability to real-world scenarios.

The integrated method developed in this study, the
TGRCN, is a novel approach that combines the TSGRNN
with the WCNN to address crash features. Nevertheless,
further evaluation of various and generalized CNN struc-
tures should be undertaken to determine their suitability
for crash prediction. Future research should also focus on
studying the dynamic threshold for classifying crash
versus noncrash data in the test set, considering that the
middle value of 0.5 may not be the optimal choice for
predicting crashes with imbalanced data.

Furthermore, the ICAV-LIME method was employed
for model interpretability. The analysis revealed that
speed variance, speed, and headway are the three most
significant variables related to traffic crashes. The signifi-
cance of speed variance as a traffic characteristic affecting
road safety becomes evident, in addition to the importance
of speed and headway. Previous studies have confirmed
the positive relationship between speed variance and
accident rates (Nicholas and Ravi, 1989). Solomon
(1964) and Cirillo (1968) found that crash involvement
rates increased as vehicle speeds deviated from the average
speed of the traffic stream.

To assess the robustness of the proposed TGRCN
model across different data sets, hourly traffic data from
the Sutong Bridge Freeway were utilized. The Sutong
Bridge, which is situated on the Yangtze River and
connects Nantong and Suzhou in China, is a cable-stayed
bridge spanning 32.4 km (20.2 mi) (Cai et al., 2024). The
extracted hourly traffic data cover a 9-month period from
July 2020 to April 2021, with 91% of the data being
noncrash related. A range of econometric and deep learn-
ing-based prediction and classification methods were
tested and compared. The sensitivity, specificity, preci-
sion, NPV, and accuracy are employed as metrics for
comparison. The findings are presented in Table 4.

Consistent with previous findings, the TGRCN model
continues to outperform other candidate methods, demon-
strating its transferability and robustness across different
scenarios. Furthermore, deep learning neural network
models exhibit superior prediction and classification
capabilities compared to conventional econometric time
series methods.

Several limitations of the TGRCN model have been
identified, namely, (i) the dynamic traffic parameters
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Table 4 Prediction accuracy comparison for the TGRCN and other
prediction models for Sutong Bridge traffic data

Methods Sensitivity ~ Specificity = Precision NPV Accuracy
H-GCN 0.158 0.888 0.585 0.513 0.523
T-GCN 0.141 0.890 0.562 0.509 0.516
STTNS 0.295 0.842 0.651 0.544 0.569
MLP 0.028 0.98 0.583 0.502 0.504
GARCH 0.393 0.917 0.826 0.602 0.655
ARIMA 0.101 0.89 0.479 0.497 0.496
STGCN 0.455 0.891 0.807 0.621 0.673
LSTM 0.567 0.902 0.852 0.676 0.735
TGRCN 0.667 0.909 0.879 0.732 0.788

predicted by the GRNN may contain a margin of error.
Although predictors are converted to the same dimension,
utilizing predictors with a degree of error to forecast the
near future could introduce uncertainty and noise that are
difficult to measure; (ii) While this study employed the
WCNN, the structure of the CNN is fairly simple. Deeper
networks are more suitable for other input data types,
such as images or audio data; however, for numerical
data, deeper networks might result in overfitting. It would
be beneficial to explore the suitability of generalized
parallel network structures, such as Inception Net, or
networks with attention mechanisms such as “Transfo-
rmers”; (iii) Currently, the data set lacks a sufficient
number of crashes; thus, it is crucial to collect and utilize
additional data across a broader range of scenarios to
further enhance the performance of the TGRCN model.
In summary, this paper proposes a novel approach to
crash prediction by incorporating a time-series GRNN
and a binomial weighted CNN model. Unlike previous
studies that treated crash prediction as a classification
problem without considering the temporal structures in
crash data, the proposed method takes into account the
temporal dependencies. The GRNN is applied to capture
the temporal features of the data, while the binomial
weighted CNN model optimizes gradient descent by
learning spatial features. This application of a time-series-
based GRNN in crash prediction is a unique contribution.
The joint model, known as the TGRCN, utilizes
dynamic traffic data at time t to predict real-time crashes
in the same time dimension. It transfers r—1 traffic data
to predict values at time ¢ using the GRNN. The insights
gained from this research can assist highway operators in
predicting the likelihood of a crash in advance and imple-
menting interventions such as enforcing speed limits.
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