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Abstract: One of the ways to improve road safety is a predictive analysis of the risks of critical
events depending on the dynamics of changes in accident rates, traffic violations, and
the influence of objective and subjective factors. The analysis of accident rates and
factors influencing the risks of road incidents is performed by studying the data
presented in the form of time series using a deep learning neural network model. A type
of recurrent neural network model with LSTM layers, a transformer, and a multi-headed
attention mechanism is proposed as a tool for predictive analysis of time series. Time
series are formed based on data extracted from photo radar systems for photo and video
recording in the road transport environment. In the course of the study, a methodology
for training a model for predicting the activation time of critical incidents in the road
transport environment was developed through the analysis of time series of accident
rates, traffic violations, and a number of objective influencing factors. The article
presents the results of training and research of model variants for choosing its structure
and selecting parameters in order to obtain an acceptable forecast error. The article
presents studies of the influence of the number of training epochs, the number of
neurons in the output LSTM layers, the batch size, the early stopping technique, and the
number of heads in the attention layers on the forecast. The purpose of training and
using a neural network is to predict the moments in time when the risks of critical events
exceed the permissible level, as well as to determine the location of the incident
activation taking into account the influencing factors, the combination and values of
which can lead to accidents with visualization in the form of a heat map of hazardous
areas.
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INTRODUCTION

The causes of road traffic accidents (RTA) are
determined by a combination of various factors of
influence of subjective and objective nature, which
include the state and behavior of road users, road section
parameters and operational condition of the road surface,
condition of road transport infrastructure (RTI) elements,
weather conditions, etc. Subjective factors, such as the
behavior and condition of drivers and pedestrians, are
quite difficult to detect, model and predict. Objective
factors, such as weather conditions and operational
condition of roads and RTI elements, can be recorded
using sensor devices and processed using intelligent and
predictive data analysis technologies. Modern methods
make it possible to determine correlations and assess the
degree of influence of specific factors or their
combination on road incident indicators in order to
predict the risks of critical events. The probability of an
RTA on road sections is influenced by many parameters
that can be expressed in a quantitative assessment of the
indicators of influencing factors. However, the analysis
and forecast of the indicators of each factor separately
does not give very accurate results, since the risks of road
accidents are often caused by the complex impact of
many external factors in combination with the technical
condition of the vehicle, experience and
psychophysiological state of drivers and pedestrians
before the incident. In this case, the influence of external
factors is considered without taking into account the
condition of the vehicle and road users. Then the number
of incidents Z; on the i-th road section of length / (km)
over a time interval ¢ in days depending on external
factors can be defined as a function: Z; (1)=P;
(N,C,K,V,S), where P; is the probability of critical
situations, N is the indicator of the number of vehicle
passages, C is the indicator of vehicle speed, K is the
coefficient of adhesion to the road depending on weather
conditions (humidity, dew point, temperature, wind
strength and direction, depth of water film, type of road
surface, height of snow cover, degree of icing, etc.),
visibility index B depending on the characteristics of the
road section (width of the roadway and shoulder, turning
radius, angle of transverse slope, angle of ascent),
illumination and weather conditions (fog, rain, snow), S
is the index of deformation of the road surface on the
section (%) depending on the operational condition of the
section (number and size of defects).

During the study, a neural network model, a
methodology for training and forecasting critical events
in the road transport environment were developed, which
is based on the analysis of dynamically changing
information on the influence of external factors on the
risks of incidents. The prognostic assessment is
performed during the analysis of time series of

retrospective data on accidents, traffic violations and
indicators of objective factors of influence. Such factors
include, in particular, characteristics of the road surface
condition, traffic indicators, lighting and visibility
conditions, and other meteorological data. Data is
collected using video surveillance cameras, road traffic
sensors, weather road stations, photo radar photo and
video recording systems. The results of the study are a
technology for prognostic assessment of risks and the
time of occurrence of critical events in the road
environment in the short and medium term based on a
comparative analysis of the predicted time series of
incident indicators and factors of influence. The forecast
results, namely, the time and place of activation of
possible road accidents, are supposed to be displayed on
an interactive map with color differentiation of the
danger level and its change on the time scale. The
solution to the problems of predictive analysis of accident
rates and influencing factors will allow notifying road
users about dangerous road sections and predicted
moments of time of probable occurrence of critical events
in order to prevent accidents and improve traffic safety.

Theoretical background

Risk assessment of occurrence and development of
critical events in the road transport environment is a
necessary element of road safety management. Objective
and subjective factors of influence, especially their
dangerous combinations that lead to accidents, are the
main problem of preventing accidents on road sections.
The study (Gatari¢ et al., 2023) presents neural network
models for predicting the number of accidents on roads,
the severity and size of material damage depending on
objective factors such as the length of a road section, type
of relief, width of the roadway, traffic volume and speed
limit on the section. The results of predictive analysis are
often used in planning and selecting optimal routes
(Gamidullaeva & Finogeev, 2023). An important factor,
for example, is the operational condition of the road
surface, which affects accident rates (Katasonov et al.,
2017) in areas with a concentration of accidents. Many
methods and models are developed to analyze and model
road situations in order to predict accident rates, which
are used in practice in various countries. Traditional
methods of analysis are statistical models and machine
learning methods. Among the statistical research
methods, we note the Poisson regression model for
studying the relationship between risk factors and
accident frequency (Abdulhafedh, 2017; Shaik &
Hossain, 2019), the negative binomial regression model
(Naghawi, 2018) and the gamma regression model (Shaik
& Hossain, 2020). Other forecasting models include the
random parametric model (Dinua & Veeraragavan,
2011), the K-nearest neighbors model (Zhang et al.,
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2013), and the support vector machine (SVM) (Li et al.,
2008). Machine learning methods such as decision trees,
random forest and logistic regression (Vanitha &
Swedha, 2023) are also used to predict accidents taking
into account weather conditions, vehicle conditions, road
surface and lighting. The article (Ayou et al., 2023)
describes, in particular, machine learning algorithms for
incident detection using the support vector machine
(SVM), random forest (RF) and a neural network with
long short-term memory (LSTM).

In addition to statistical models and machine learning
methods, neural network models have recently become
popular, which  demonstrate flexibility, high
performance, sufficient forecast accuracy and the ability
to generalize in the process of road traffic studies (Rusul
et al., 2019; Pradhan & Sameen, 2020). Artificial neural
networks can model nonlinear functions to assess safety
parameters with the ability to assess the risks of
accidents, identify causes, determine the time and place
of incidents (Ahmed & Pradhan, 2019; Profillidis &
Botzoris, 2019). The problems of intelligent traffic
management and DTI components are also solved using
the neural network methodology (Ozgan, & Demirci,
2008). Neural network models are used in managing
traffic and pedestrian flows, predicting the behavior of
road users, modeling the causes of accidents and factors
influencing them, to assess the consequences of
accidents, the severity of injuries, etc. Modeling road
incidents using neural networks helps to assess the
indicators of factors associated with technical problems
of vehicles, the medical and mental state of drivers, the
operational characteristics of the road surface and
roadside infrastructure, the influence of weather
conditions and other environmental elements. The tasks
of forecasting aspects and parameters of road traffic are
solved by identifying hidden dependencies and
interrelations in sequences of input data and variables
describing the state of the road traffic infrastructure and
the environment. The authors of the article (Mayura
Yeole et al., 2022) present the results of comparing the
quality of forecasting using a neural network with
forecasts obtained by statistical methods on the same set
of input data describing weather conditions, road
congestion, parameters of highway sections, time
characteristics of incidents, the state of infrastructure
elements, etc. In the work (Ogwueleka et al., 2014), the
authors evaluate the effectiveness of a neural network in
analyzing and forecasting accident rates depending on
the number of vehicles on the roads and other parameters
in comparison with the traditional statistical approach.

An important task is to develop methods and means
for detecting incidents in order to notify road users and
relevant services. Currently, automatic incident detection
systems are being developed (Tai et al., 2018; Lamr,
2018). A review and analysis of the systems is given in

the article (Hireche & Dennai, 2020), which considers
studies using machine learning methods. The problem of
detecting road accidents is usually presented as a task of
classifying road events and determining the degree to
which a critical event belongs to an accident (Xie, Shang
& Yu, 2022). The article (Bharath Kumar ef al., 2021)
considers a support vector model, which is used to create
an effective classifier. In the work (Dogru & Subasi,
2018), a random forest model is used to detect road
accidents, which is able to combine uncorrelated decision
trees to select a high-quality forecast with better
performance than a separate decision tree. The article
(Zikratova & Zikratov, 2020) considers the problem of
predicting the probability of an accident as a result of
traffic violations using a neural network. The neural
network model is used to classify situations that arise as
a result of traffic violations and to identify dangerous
violations that can lead to accidents. The paper (Ki et al.,
2018) presents a method for detecting traffic accidents
depending on the change in the average speed of the
traffic flow and speeding violations using a neural
network. The paper (Zhu et al., 2018) proposes to use a
convolutional neural network (CNN) for automatic
detection of traffic incidents in the city based on traffic
flow data. During the research, the CNN model was
compared in efficiency with the multilayer perceptron
(MLP) model and showed results with a higher detection
rate and a small number of false positives. Technical
means are also being developed for traffic accident
detection systems, for example, using infrared (Wadhahi
et al., 2018) or ultrasonic sensors (Khalil et al., 2018).
Note that the detection accuracy depends on traffic
parameters and  spatio-temporal  traffic  data
(Ghahremannezhad, Shi & Liu, 2022).

Analytical studies show that the most promising
forecasting tools are neural network models. In (Ma et
al., 2015; Gu et al., 2019), researchers used LSTM deep
learning networks for short-term forecasting of the
average speed of traffic flows on traffic lanes based on
the analysis of data from detectors and transport counters.
The article (Alamir, Zargaryan & Zargaryan, 2021)
considers a method for forecasting traffic using various
neural network models, where the best forecasts were
obtained using the multilayer perceptron model. The
forecasting results are used to reduce congestion on
highways during rush hours. An important task of traffic
analysis is to assess the impact on the growth of the
probability of accidents on highways (Zhang, Wang &
Fang, 2019). The change in the parameters of traffic
flows over time is presented here in the form of time
series of data. For time series, neural networks are used
for (Emaletdinova, Kabirova & Vildanov, 2022; Daub,
2020). Varieties of recurrent neural networks, for
example, long short-term memory (LSTM) models (Song
et al.,, 2020), work effectively with time series. In
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particular, such networks are used for predictive
modeling of time indicators of traffic (Polson &
Sokolov, 2017).

Neural networks are used to predict the severity of
road incidents and their consequences in the form of
damage. Predicting the severity of road accidents
indirectly affects the reduction of their number. A
large number of works are related to the classification
and predictive analysis of the severity of road
accidents using regression analysis methods and neural
networks. The research results show the dependence of
the severity of injuries on the speed of the vehicle, the
direction of impact during collisions, and the use of
seat belts. The article (Labib ez al., 2019) presents the
results of the analysis of methods for classifying the
degree of damage as a result of road accidents. Neural
network models for solving this problem provide
greater accuracy and efficiency compared to
regression analysis methods (Alkheder, Taamneh &

Taamneh, 2017; Garcia de Soto et al., 2018;
Chakraborty, Mukherjee & Mitra, 2019). In
(Abdelwahab & Abdel-Aty, 2002), researchers

assessed driver injuries, the amount of material
damage to vehicles, road safety facilities, and the
environment using a multilayer perceptron model and
an adaptive resonance fuzzy network. The article
(Olutayo, & Eludire, 2014) compared the results of
predicting the severity of injuries using neural
networks and decision trees. The authors of (Shaik et
al., 2021) also present the results of a comparative
analysis of several neural network models in terms of
efficiency and performance in predicting severity,
including the single-layer perceptron (SLP) model,
multilayer perceptron (MLP), radial basis function
(RBF) network, recurrent network (RNN) and
convolutional network (CNN) models. Similar studies
are considered in (Raja et al., 2023), where accident
prediction is performed using six architectures,
including backward propagation (BPNN) and forward
propagation (FFNN) models, MLP, RBF, RNN and
LSTM models. Neural networks were used to classify
accident types, predict the number of accidents and
their severity. The studies show that the best results in
terms of prediction accuracy and efficiency were
obtained using RNN and CNN network models (Zheng
et al., 2019). At the same time, the SLP, MLP, RBF,
FFNN models showed sufficient accuracy, and the
BPNN model - minimal prediction accuracy. The CNN
model for predicting accident severity is discussed in
detail in (Zheng et al., 2019). The RNN model showed
the best accuracy in predicting the severity of injuries
in road traffic accidents in a comparative study with
CNN and FFNN models, single-layer (SLP) and multi-
layer (MLP) perceptrons (Sameen & Pradhan, 2017).

MATERIALS AND METHODS

The main idea of the proposed approach is not in the
prognostic assessment of the risks of road incidents, but
in the forecast of the moments in time when the risks of
critical events exceed the permissible level, as well as the
determination of the locations of possible incidents
taking into account the totality of influencing factors, the
combination and values of which can lead to an accident
with a certain probability. The method for forecasting the
time moments of the probable occurrence of critical
events works on the basis of data on the indicators of
influencing factors. Data are extracted from xml files that
are formed in the process of collecting and consolidating
information on factors (Finogeev et al., 2021). In the
study, indicators of meteorological factors and the
operational condition of the road surface were selected
for analysis (Finogeev et al., 2024). Time series of
changes in these indicators were used to form training
and test data sequences.

The forecast results are necessary for alerting and
warning road users so that they can take measures to
safely drive vehicles in dangerous areas and prevent
possible incidents. The works (Finogeev, 2023; Finogeev
et al., 2020) consider the methods of assessing possible
factors influencing the risks of road incidents and
predictive analysis of critical event indicators (Finogeev
& Kolesnikov, 2020). In the course of studies based on
comparative analysis, similar patterns of correlating
series of indicators of influencing factors and indicators
of critical events were determined in order to synthesize
predictive models for assessing the risks of road
accidents. The work (Polezhaev & Finogeev, 2024)
proposes a recurrent neural network model with a
transformer for predicting time series of critical event
indicators in the road transport environment. Predictive
modeling was performed for time series of the number of
vehicle passages, traffic violations (TRP) and the number
of accidents. The input data for the time series were
obtained from photo radar photo and video recording
systems installed on the roads of Penza and the Penza
region. A logical continuation of the research is the
analysis of time series of indicators of influencing factors
and accidents in order to assess probabilistic risks and
moments in time when a combination of factors leads to
incidents on specific road sections. The forecasting
results should be displayed as a heat map of the predicted
danger and time of incidents on road sections. Color
differentiation of dangerous and safe sections with the
display of the predicted time of incidents is a way of early
warning of road users in order to decide on changing the
route or travel time, or changing behavior and traffic
patterns in predicted time intervals. The results of
forecasting the time of exceeding the risks of incidents
can also be used in the operation of intelligent unmanned
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vehicles to automatically change routes and traffic
patterns depending on the risks of incidents on road
sections.

For prognostic risk assessment and determination of
time points, a method for predictive analysis of time
series of influencing factor indicators based on a deep
learning neural network model is proposed. Analysis of
neural network models showed that models based on
recurrent or convolutional neural networks, which
demonstrate high accuracy and efficiency in predicting
road accident indicators, are most suitable for achieving
the research goals (Gutierrez-Osorio & Pedraza, 2020;
Wenqi, Luo & Yan, 2017). To improve accuracy and
performance, the study proposes to use an RNN model
with output LSTM layers supplemented by a transformer
with multi-head attention mechanisms (Multi-Head
Attention) (Vaswani et al., 2017). LSTM layers allow
taking into account time sequences by replacing multiple
matrix multiplications with weighted sums, which allows
better processing and generalization of long data
sequences. The proposed model implements three LSTM
layers (Fig. 1), which include memory cells for storing
information and filters that allow using information from
long sequences.

Filters include: (a) input filters, which determine
which input data is added to the cell state, (b) memory
filters, which determine which part of the information
will be forgotten, and (c) output filters, which determine
which part of the information from the cell state is used
to form the output signal.

Since an RNN network with several LSTM layers
cannot always process too long time series, it was
decided to add a transformer layer with internal attention
mechanisms to improve efficiency (Lin et al., 2017). This
mechanism allows working with any element of the input
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data in the process of generating output values, since it
establishes relationships between the positions of
elements within the sequence and calculates the
corresponding vector representation. Integrating a
transformer with LSTM layers will allow us to use the
transformer model at the data processing stage, and
LSTM layers at the final stage. The components of the
transformer are:

1. An encoder that includes multiple layers of self-
attention and a fully connected network model with
feedback from the attention mechanism to process the
input sequence and  synthesize contextual
representations.

2. A decoder, which includes several layers of internal
attention with input from the previous layer, a layer of
attention to the results of coding with input from the
attention mechanism and an encoder layer with input
from the attention mechanism.

3. Self-attention layers are formed with multiple heads
(Fig. 2), which allow the model to work with different
parts of the input sequence when forming the output
vector. Heads are needed to calculate the weights of a part
of the time series elements and use the results when
determining the weighted sum.

The input data sequence is fed to the encoder to
calculate the output vector representation with the
addition of the positional encoding vector. Next, the set
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of elements, without regard to order, is fed to the
attention layer for processing, and then a part of the
sequence is fed to the decoder input together with the
output vector of the encoder to calculate the resulting
vector of the output sequence. Several layers of internal
attention can operate in the encoder and decoder (Fig. 3).

Each attention layer sequentially passes the
processing results to the next layer as input for
transformation into context vectors while preserving the
context information of each element in the sequence. The
decoder receives the context vector representations from
the encoder as input and generates the elements of the
output vector using a probabilistic model. The decoder
layers also pass the processing results to the next layers
along with the resulting vectors from the encoder and
form a sequence of output vectors. The attention layers
work with 3 components: queries, keys, and values. In
the decoder, the query is the current state, and the keys
and values are the states of the encoder. During
operation, the attention layers calculate the similarity
function of the query with each key, and then average the
resulting values proportionally to the similarity function.
Thus, the attention function can be defined as a
comparison of a query and a set of key-value pairs with
the output data, where the query, keys, values, and output
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data are vectors. The result is a weighted sum of values,
where the weights are calculated according to the
similarity of the query and the key. There are two types
of attention mechanisms used in neural networks:
additive attention (Bahdanau et al., 2014) and
multiplicative attention based on the scalar product with
scaling (Britz et al., 2017). Our model implements the
multiplicative attention mechanism in two layers, which
calculates the scalar products of a query of dimension dj
with all keys. Then, each product is divided by \/d—k for
scaling, and the softmax function is used to calculate the
weights of the values. The output attention matrix V is
calculated from the query matrices Q, keys K, and value
matrix Z as:
V(Q,K,Z) = softmax (Q—KT>Z (1)
The use of the multi-headed internal attention
mechanism in the encoder and decoder is used to
improve performance by parallel processing of input
data vectors in the heads. The mechanism allows
working simultaneously with several linear projections
of queries, keys and values onto the dimensions dx, d,
and d.. On each projection, the attention function is
executed and the output values of the dimension d. are
determined, which are then calculated by concatenation:

(Q,K,Z) = Concat(heady, ... ,head,)W?, 5

where head; = V(QWS2, KWk, zw7), @
where projections are parametric matrices:

VVLQ c Rdedq, WiK )= Rdmxdk' WiZ € (3)

RimXdz WO g Rhdzxdm,

The methodology for software implementation of the
model includes the following stages.

1. The input time series data sequence is divided into
several streams according to the number of heads.

2. The heads calculate the attention weights for the
data stream in parallel.

3. The calculation results from all heads are combined
during concatenation.

4. The obtained results are fed to the feedforward
layer, which performs linear transformations in the form
of convolutions with an activation function between
them.

The general scheme of the synthesized neural
network model with a transformer, including two layers
of multi-headed self-attention in the encoder and
decoder, and with three output LSTM layers is shown in
Fig. 4.

The methodology for synthesizing and training the
implementation of the software for its configuration
using the example of predicting the number of speeding
violations on road sections includes the following stages:
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1. Input and extraction of data on road accidents
and influencing factors from the input Excel file, which
is generated as a result of unloading the XML file:

sheet name <- " June 2024"

excel data <-

readxl::read xlsx("June2024.xlsx",
sheet name)

# Example of speeding violation data
extraction and time series synthesis

speed data <- excel data$Speed[1:2000]

time series <- ts(speed data, frequency = 1)

sheet =

2. Setting the window size and preparing training

and test data for time series modeling
prepare data <- function(series, window size)

{

x <- matrix(series, ncol = 1)

y <- series[-seqg len(window_size)]

x <- array(x, c(length(y), window size, 1))
y <- array(y, c(length(y)))

list(x = %, vy = V)

}

# Determining the size of the window

window size <- 1000

# Data preparation

data <- prepare data(speed data, window size)

3. Synthesis of RNN model with transformer,

attention layers and LSTM layers

query input <- layer input (shape =

c(window size, 1), name = "query input")

value input <- layer input (shape =

c(window size, 1), name = "value input")

# Setting the number of heads and forming a

multi-headed attention layer with

determination of the dimensionality of keys

and values

attention layer <- layer multi head attention/(
num _heads = 6, # Number of attention heads
key dim = 4 # The size of keys and

values has been increased to 4

) (query input, value input)

# Forming LSTM with three output layers and

setting the number of neurons in them

lstm layer <- layer lstm(units = 512,

return sequences = TRUE)(attention_layer)

lstm layer 2 <- layer lstm(units = 256,

return sequences = TRUE) (1stm layer)

lstm layer 3 <- layer lIstm(units = 128,

return sequences = TRUE) (1stm layer)

output <- layer flatten() (Istm layer 3)

output <- layer dense(units = 1) (output)

model <- keras model (inputs = c(query input,

value input), outputs = output)

4. Selecting the batch size and compiling the model
for training on a sample that includes 80% of the training
time series data and 20% of the test data, with a specified
number of training epochs using the early stopping

technique
model %>% compile (

loss = "mean squared error",

optimizer = optimizer adam(learning rate =
0.001)

)
history <- model $%$>% fit(
list (datas$x, data$x), dataSy,
epochs = 100,
batch size = 10,
validation split = 0.2,
callbacks =
list (callback early stopping(patience =
)

25))

5. Time series forecasting using a trained neural

network model
predictions <- model $>%
predict (list (dataSx, datasSx))
# Forming a data list
forecast ts <- ts(predictions,
frequency = 1)
cat ("The first 10 values of the
original time series:\n")
print (head(time series, 10))
cat ("\nFirst 10 forecast values:\n'")
print (head(predictions, 10))
# Determining the number of forecast
steps
forecast steps <- 1000
future predictions <-
numeric (forecast steps)
# Setting the forecast window
context size <- 2000
last window <- tail (speed data,
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window size)

long context <- tail (speed data,
context size)

for (i in 1:forecast steps) |

# Calculating the forecast result at the
forecast step

next prediction <- model $%>%
predict (list (array(last window, dim =
c(10, window size, 1)),
array (long context, dim =
context size, 1))))

#next prediction <- model %>%
predict (list (last window, last window))
future predictions[i] <-

next prediction
last window <- c(tail(last window,
window size - 1), next prediction)
#print (tail (last_window, 5))
long context <-
c(tail (long context, context size - 1),
next prediction)
}
# Synthesis of a new time series with forecast
results
extended time series <- c(speed data,
future predictions)
extended forecast ts <-
ts (extended time series,

c(lo0,

frequency = 1)

6. Visualization of time series forecasting results

plot (time series, type = "1", col = "blue",
lwd = 2, ylim = c (0,

max (extended time series)), xlim = c(1,

length (extended time series)))

lines (ts (extended time series, frequency = 1),
col = "#00£f£f40", pch = 16)

lines (ts(c(speed data, future predictions),
frequency = 1), col = "red", pch = 16)

lines (forecast ts, col = "#b3ff00", pch =

16)

#lines (c(rep(NA, window size), forecast ts),
col = "#b3ff00", pch = 16)

legend ("topright", legend = c("Initial
series", "Extended forecast"), col = c("blue",
"red"), lty = 1, lwd = 2)

Preparation and study of time series parameters is
implemented in Python in the R statistical computing
software environment. For training, testing and
forecasting, the neural network model is synthesized
using the TensorFlow deep learning framework, Keras
libraries (a high-level interface for creating and training
neural networks), Tokenizer and pad sequences for
processing input data, as well as the Gensimc
TensorFlow library. The Keras library allows you to
create complex neural network architectures with LSTM
layers, a transformer and attention mechanisms.

Results of the study of the structure and parameters
of the neural network

Before using the model, it is necessary to conduct its

research in the process of training and testing to assess
the impact of different options and parameters on the
accuracy and efficiency of forecasting. The result is the
adjustment of its structure and parameters to obtain an
acceptable forecast error. For training, it is necessary to
select training and test data sets. In the project, data sets
are formed based on the results of collecting accident
indicators and influencing factors in the road
environment. As an example, we will use time series of
changes in the number of accidents and the vehicle speed
indicator on a section of the road as one of the influencing
factors. According to statistics, about a third of accidents
occur due to drivers failing to comply with speed limits
(Maiorov, 2024). Speeding also leads to an increase in
traumatic accidents. According to the World Health
Organization, an increase in vehicle speed by 1 km / h
leads to an increase in such accidents by 3%, and fatal
accidents by 4-5% (WHO report “Speed Management”,
2017). Data for the synthesis of time series were obtained
from photo radar systems for photo and video recording
of road incidents and traffic violations. The information
is related to big data, since the collection process records
a huge number of vehicle passages, traffic violations,
road incidents and changes in other factors of influence
on many road sections. For example, in June 2024 alone,
40,843 vehicles with 6,856 speeding violations, 367
accidents, including 56 accidents with injuries, were
recorded on 6 road sections in the Penza region. An
example of the distribution of vehicle speed indicators on
18 road sections in the city of Penza and the region is
shown in Fig. 5.

To train the model in order to select its optimal
structure and parameters, the input time series data set is
divided into two parts. Two division methods were used
in the study: a) 50% training and 50% testing parts, b)
80% training and 20% testing parts. The first part of the
series is used to train the model, and the second part is
used to compare the predicted values with the actual ones
and estimate the error. The goal is to minimize the error

o, which is tested on the test set {(Xj , Yj )}§=1’
is the time series data, and Y is the predicted value. After
estimating the error, the forecast model is adjusted and
retrained in an iterative mode. To terminate the iterative
process, the early stopping technique or the moment of
reaching an acceptable level of error is used. Let us
consider the process of studying the variants and
parameters of a neural network model with the aim of
optimizing it on training sets before the forecasting stage.

where X;
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Fig. 5 Distribution of the number of vehicles with speed indicators on 18 sections.

Model study to determine the number of training
epochs

To train the model, it is necessary to set the number of
training epochs so as to ensure a minimum forecast error
and the ability to generalize time series of data. A training
epoch is one run of the training data set through the neural
network. During the training process, the time series data
passes through the model for a given number of epochs, and
the network weights are updated based on the errors
calculated during forecasting on the test part of the data set.
The results of model studies for different numbers of epochs
show how their number affects the quality of model
training. With a small number of training epochs, the model
may not have time to learn on a given amount of data, and
a situation of underfitting occurs. As a result, the model will
not be able to accurately and reliably identify hidden
dependencies in the data series, which will lead to a large
forecast error on the test set. On the other hand, too many
epochs can lead to a situation of overfitting, when the model
begins to accurately predict the results on the training set,
but will show a large error on the test and real samples. A
similar situation may arise when using complex models
with a large number of neurons, or when working with input
datasets with repetitive patterns (Chip Huyen, 2022). To

achieve a balance between underfitting and overfitting, it is
necessary to select the optimal number of epochs that will
provide the required accuracy and generalization ability.
The optimal number depends on the following
characteristics (Lakshmanan, 2022):

1. The size and complexity of the training dataset.
Larger datasets require more epochs for training.

2. Structures of the neural network model. Models with
a complex and multi-level structure require more time for
training.

3. Method of stopping the training process. In the
process of training a model, the early stopping technique
is often used, when the training process stops if the
forecast error on the test data set stops decreasing over a
specified number of epochs.

Model studies were conducted on a neural network
including 2000 neurons in three output LSTM layers. The
number of epochs was set from 10 to 200 with a step of
10. For the number of epochs less than 60, a situation of
undertraining of the model was observed, and for more
than 160 epochs, a situation of overtraining. The graphs
show the forecasting results for 40, 60 and 150 epochs of
neural network training (Fig. 6). The optimal number of
epochs for training our model was set to 100.
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Fig. 6 Simulation results for different numbers of training epochs.

Modeling studies for choosing the number of neurons
in LSTM layers

The next parameter of the model that affects the forecast
results and can create situations of underfitting and
overfitting is the number of neurons in the output LSTM
layers. The number of neurons here affects the learning
ability when analyzing complex and large data
sequences. A large number of neurons allows the model
to identify complex and long-term dependencies. A small
number of neurons is used for simple tasks with short and
less complex dependencies. With an increase in the
number of neurons in the model layers, the number of its
parameters increases, as well as the computational
complexity. The training process slows down, and the
inference time increases. Since inference is a practical
stage of applying the model to real data after training and
testing, the goal of optimization is to achieve high
performance and minimal delays when using it on
specific types of devices (Gusak et al., 2021).

For a neural network model, in each case it is
necessary to select the optimal number of neurons in
LSTM layers, since an insufficient number will not allow
identifying the necessary dependencies, and too large a
number can lead to a state when the model remembers
the training data, but generalizes poorly in the case of
new data. In the process of studying the model,
experiments were conducted for models with different
numbers of neurons in LSTM layers. As an example, the
results of studies are given: a) a model with a small
number of neurons, where 128 neurons are specified in
the first layer and 64 in the other two, b) a large model
with the same number of neurons, when 2000 neurons are
specified in all layers (Fig. 7). The number of training
epochs was taken to be 100. Based on the research
results, an intermediate model with 512 neurons in the
first layer, 256 neurons in the second layer and 128

neurons in the third layer was synthesized.

Fig. 7 Simulation results for small and large models.

Modeling studies for batch size selection

A recurrent neural network with a transformer and
attention mechanisms requires a large memory and
computational resources, since it is necessary to store all
the keys and values (internal states of the encoder). The
computational complexity of determining the context
vector when generating output data is directly
proportional to the amount of data in the input time series.
To reduce the training time of the model, the training data
set is divided into subsets (batches), which are processed
separately. In this case, the model updates the weights
after running each batch, rather than the entire training
set. Batches are used in the case of large data sets, so as
not to run the entire set through the network when
recalculating the weights. Dividing the training set into
batches leads to an acceleration of the model training
process and is called batch normalization (loffe &
Szegedy, 2015). Therefore, an important parameter is the
batch size, which affects:
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1. Convergence and stability of training. When batch size
is small, weights are updated frequently, which can
lead to a noisy gradient estimate. This can help avoid
local minima, but it makes convergence more difficult.
When batch size is large, gradient descent is more
stable and accurate in optimization, but it requires
more training time.

2. Computational efficiency and memory usage. Small
batches require less memory and computational
power, but may make the network model run slower
on modern architectures. Large batches require more
memory, but allow using different heads of the
attention mechanism for parallel data processing.

3. Generalization ability. Small batches can contribute to
better generalization ability and help avoid overfitting.
Large batches can lead to overfitting because the
model gets more accurate gradients.

As an example of research, the graphs below show the
results of training the model based on 500 values of the
training set. In the first case, the set is divided into 5
batches of 100 values, and in the second - into 20 batches
of 25 values. The results obtained of training the model
are shown for 100 training epochs (Fig. 8).
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Fig. 9 Simulation results with and without the early stopping
technique.

Model studies of early stopping techniques

To forecast complex time series, the model uses a multi-
headed attention layer, which provides higher forecast
accuracy but increases the training time. Training is
usually performed until the error reaches a specified
value, which may take a long time and may not lead to
the desired result. Therefore, the early stopping technique
is used as a mechanism to limit the training time of the
model. In this case, the training process stops when the
forecast error on the test set stops decreasing over a
specified number of epochs. For the purposes of our
study, the dataset was divided into training and testing
parts in a ratio of 80% to 20%, where 80% of the series
is used as training data and 20% as test data. Previously,
the batch size was set to 100 values, and the number of
training epochs was selected experimentally for training
without early stopping and for training using the early
stopping technique (Fig. 9).

Modeling studies for selecting the number of heads
in attention layers

The key component of the transformer is the self-
attention layers in the encoder and decoder, which are
used to process the input data. In our case, multi-headed
attention layers are used, where the heads process parts
of the input data in parallel and independently with
different weight matrices, which improves the
generalization ability and increases the model
performance for large data sets. The calculation results in
the encoder and decoder of the transformer are combined
(concatenated) and passed to the output LSTM layers to
obtain the final result. In this way, the model works with
different levels of data abstraction, which increases its
generalization ability and reveals hidden dependencies.
For the multi-headed attention layer to work, it is
necessary to select the number of heads in the layers with
an estimate of the time complexity and forecast error.
Examples of modeling for attention layers with different
numbers of heads are shown in Fig. 10.

The number of heads in the attention layers
determines how many embeddings the model will
process simultaneously. With a small number of heads,
the model has a less complex structure, which may not be
enough to predict very large time series. Using a large
number of heads allows the model to analyze various
aspects of the data, which improves the ability to identify
hidden dependencies and generalize. However, this
increases the computational complexity and requires
more memory for the model to run. For our project, a
model with 6 heads for all attention layers in the encoder
and decoder was chosen.
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Fig. 10 Simulation results for 2,4,6 and 8 heads in the encoder and
decoder layers.

Discussion

During the research, the structure of the neural network
model for forecasting the risks and time points of critical
incidents was developed based on the analysis of the
spectrum of time series of indicators of influencing
factors. Similar problems are solved by researchers in our
country in order to improve road safety (Mayorov, 2018;
Sinitsyn et al., 2022). The system process of architecture
synthesis and optimization of the neural network for
forecasting the risk of accidents and the frequency of
accidents, in particular, are presented in the work (Garcia
de Soto et al., 2018). In our case, design studies were also
carried out to optimize the structure of the neural network
and select its training parameters. The model is a
recurrent neural network with a transformer, including an
encoder and a decoder with two multi-headed layers of
internal attention, and three output LSTM layers for final
calculations. The model is developed to assess and
predict accident rates considering a set of objective
factors such as traffic violations, weather conditions,
road conditions and traffic flow parameters. The article
(Bulatov, 2022) defines objective and subjective factors
of accident risk and proposes a methodology for
assessing the impact of their combination on safety. Most

objective factors of influence can be assessed
quantitatively, and the dynamics of their change can be
presented in the form of time series for the purpose of
forecasting, which is difficult in the case of subjective
factors associated with the behavior and condition of road
users.

Modern research shows that recurrent neural network
models are functional and effective in predicting accident
and disaster risks in real time (Yuan et al., 2019). Before
using our model for real forecasting, experimental studies
were conducted during its training and testing to assess
the impact of its structure and parameter options on time
costs, accuracy and efficiency. The result is the choice of
the model structure and the adjustment of the training
parameters to obtain an acceptable error and forecast
time. The main difference in the results of our studies is
that the neural network model is used not so much for
predicting the risk of accidents, accident rates or severity,
as shown in most similar works, but mainly for
determining the time intervals before the expected
occurrence of critical events. Such moments are recorded
when the values of the influencing factor indicators in the
predicted part of the time series, in aggregate or
separately, lead to a sharp increase in accident rates or the
probability of an accident on a specific section of the
road. Determining the time intervals preceding the
occurrence of a probable critical event will make it
possible to create early information alerts for drivers to
prevent incidents by increasing their attentiveness and
caution. Road sections where the risks of negative
changes in factor indicators are identified during the
forecasting process are marked in color as possible areas
of accident concentration, which is also used to warn road
users.

The main problem is the complexity of the problem
solution, since for each road section in the spatial zone it
is necessary to form and analyze many time series for the
prognostic assessment of accident rates taking into
account traffic violations and other indicators of
influencing factors. In addition, accident rates can be
influenced not only by individual factors, but also by
their combinations. Therefore, the complexity of solving
the problem increases significantly, since in the process
of training and validating the model it is necessary to
synthesize a model capable of generalizing long time
series at different levels of abstraction and identifying
hidden correlation dependencies of accident rates and
combinations of critical values of indicators of various
influencing factors. Thus, training, testing and predictive
modeling should be carried out simultaneously on the
entire spectrum of time series. At the same time, several
factors, such as weather conditions, can affect all road
sections in the selected zone, and the results of their
forecast can be used for all sections. However, there are
factors that affect accident rates only in specific places,
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for example, section parameters (slopes, curvature, turns,
road surface condition, etc.), which requires an impact
assessment for each section separately. It is also
necessary to consider the correlation between traffic
violations and influencing factors, when drivers violate
the rules due to the influence of subjective or objective
factors. For example, the parameters of a road section
related to its straightness, absence of turns and slopes,
good visibility and excellent weather conditions often
contribute to violation of the speed limit, decreased
attention of drivers, which leads to an increase in the risk
of accidents instead of increasing safety. Therefore, the
task of the research is to identify hidden connections
between the risks of accidents, accident rates, violations
and other influencing factors through neural network
modeling of time series. Based on the analysis of
predicted changes in accident rates, violations and other
factors, it is necessary to determine the time intervals
until the moment when the risks of possible road
incidents exceed permissible values, which is the main
goal of the research.

A review of studies related to solving similar
problems of predicting the time characteristics of
accidents is presented in (Tang et al., 2020). However, it
should be noted that almost all studies are aimed at
predicting the duration of an accident, and not at
determining the time intervals before the critical event.
For example, in (Zhu et al., 2021), a hybrid neural
network model consisting of a multilayer perceptron
(MLP) and an LSTM layer is proposed for dynamically
predicting the duration of an incident. Just like in our
project, the forecasting technique takes into account a
number of objective influencing factors and traffic flow
parameters in real time. Similar studies in the field of
predicting the duration of critical events using a neural
network model are presented in (Wei & Lee, 2007). The
forecast results are used to estimate the size and
downtime in traffic jams caused by accidents, as well as
to determine the time to clear a section of the road from
congestion in order to notify road users.

CONCLUSION

The hybrid neural network model and the methodology
of its structural and parametric synthesis are designed to
predict the temporal and spatial parameters of road
incidents. The forecast results will allow predicting the
time and place of possible accidents. Road sections with
increased risks of road incidents and time intervals before
the probable activation of a critical event are supposed to
be visualized on the map in order to warn drivers not only
about incidents and traffic jams that have occurred, as is
the case in modern navigation systems, but also about
probable accidents in the future. Such warnings are
proposed to be implemented by dynamically coloring
road sections in shades of green (no risk of incidents),

yellow (warning of a low probability of an incident) and
red (high probability of an incident). In this case,
changing the red color to darker and brighter shades
means an increase in the degree of danger and a decrease
in the time before the probable occurrence of a critical
event. Visualization of possible incidents on the map
with dynamic change of color designations of dangerous
areas in previous time intervals will be used for early
warning of drivers, which will increase road safety
through their more careful behavior in places with
increased risks of critical events. Even not entirely
accurate forecast results will reduce the likelihood of
road incidents and minimize the impact of objective
factors on accident rates.

Another effect is the identification of potential
accident concentration areas depending on the impact of
a combination of factor indicators in predicted time
intervals, which will enable road services to take
appropriate measures and implement activities to
improve traffic safety in areas of potential accidents.
Examples of activities include the installation of warning
and restrictive road signs, information boards,
application or renewal of road markings, intelligent
adjustment of traffic lights, increased speed control, as
well as other traffic violations, repair and restoration of
the operational condition of the road surface, etc. The
results of predictive analysis of the time of deterioration
of traffic conditions in specific areas will reduce the
impact of objective factors, the impact of which does not
depend on the quality and efficiency of the road transport
services. Cartographic notification of drivers about the
time and place of activation of possible incidents will
help prevent accidents and reduce injury rates. The neural
network model, the methodology for its training,
configuration and predictive modeling are implemented
on the platform of an intelligent critical event monitoring
system.
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