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ABSTRACT 
This study aims to forecast the number of traffic accidents in Bosnia and Herzegovina and Poland from 
2024 to 2030. To achieve this, annual statistics on traffic accidents in both countries were analyzed, 
utilizing data from the Polish Police and the UNECE Statistics of Road Traffic Accidents. Several neural 
network models were employed to predict the number of accidents. The results suggest a potential 
stabilization in the number of traffic accidents, though this trend may be influenced by factors such as 
the construction of new motorways and highways, and the increasing number of vehicles on the road. It 
is important to note that the accuracy of these predictions can be influenced by the size and randomness 
of the data samples used for training, testing, and validation. 
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1. INTRODUCTION 
Road accidents are a significant global public health concern, resulting in injuries, fatalities, 
and substantial economic losses. According to the WHO, 1.3 million people lose their lives 
annually in road traffic accidents, while these accidents cost the average country 3% of its GDP. 
Furthermore, traffic accidents are the leading cause of death for individuals aged 5 to 29 [1]. 
The severity of a traffic collision is a crucial factor in assessing its impact. Accurate estimation 
of accident severity is essential for competent authorities to develop effective traffic safety 
legislation aimed at preventing accidents, minimizing injuries, fatalities, and property damage 
[2, 3]. Identifying the critical factors influencing accident severity is a crucial step before 
implementing countermeasures to prevent and reduce their severity [4]. Yang et al. propose a 
multi-node Deep Neural Network (DNN) topology for predicting varying degrees of injury, 
death, and property loss. This approach enables a comprehensive and precise analysis of road 
accident severity [5]. Accident data is collected from various sources, primarily by government 
agencies utilizing data from police reports, insurance databases, and hospital records [6]. This 
has led to a broader analysis of road accident data within the transportation sector. Intelligent 
Transportation Systems (ITS) are currently the most significant source of information for 
analyzing and forecasting traffic events. Data from GPS units in vehicles, roadside microwave 
vehicle detection systems, and license plate recognition systems provide valuable insights into 
traffic flow, including vehicle type, speed, and volume [7, 8, 9]. Social media can also be a 
source of traffic and accident information, although the accuracy of such reports may be limited 
due to the potential for inaccuracies by untrained observers [10]. Effective accident data 
analysis often requires utilizing data from multiple sources and integrating heterogeneous data 
sets [11]. Vilaca et al. [12] conducted a statistical analysis to determine the severity of accidents 
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and identify relationships between traffic participants and accidents, emphasizing the need for 
enhanced traffic safety measures and regulations. Bak et al. [13] conducted a statistical analysis 
of road safety in a selected Polish region, using the number of traffic accidents as a proxy for 
accident causation research. The choice of accident data source depends on the specific traffic 
issue being investigated. Combining statistical models with real-world driving data and 
information from ITS can improve the accuracy of accident prediction and mitigation [14]. The 
literature offers various techniques for predicting accident probability. Time series approaches 
are widely used for estimating accident frequency [15, 16], but they often suffer from residual 
autocorrelation [17] and limitations in evaluating forecast accuracy based on previous forecasts. 
Procházka et al. [18] utilized a multi-seasonality model for forecasting, while Sunny et al. [19] 
employed the Holt-Winters exponential smoothing method. A limitation of these models is the 
difficulty of incorporating exogenous variables [20]. The number of accidents per 10,000 
population (NRA) is a crucial indicator. In 2023, Poland, with a population of 37.6 million, 
recorded 20,936 traffic accidents, resulting in an NRA of 5.57. During the same period, Bosnia 
and Herzegovina, with a population of 3.21 million, reported 7,665 road accidents, resulting in 
an NRA of 2.39, which is significantly lower than Poland. 
 

𝑁𝑅𝐴 ൌ
𝑁𝑅
𝑁𝐼

∗ 10000 

where: 
NR - number of road accidents 
NI - number of inhabitants 
 
The authors employed neural network models to forecast the number of accidents on Polish and 
Bosnian highways based on the available data.. 
 
2. MATERIAL AND METHODS 
Despite a recent decrease in road accidents due to the pandemic, which has influenced the 
forecasted values, the number of accidents remains significant. This necessitates efforts to 
reduce this figure and identify road types with higher accident rates (Figure 1). 

 
Figure 1. Number of road accidents in Poland between 2010 and 2023 [21] 
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Figure 2. Number of road accidents in Bosnia and Herzegovina between 2010 and 2023 [22] 

 
Neural networks were employed to forecast the number of traffic accidents in Poland and 
Bosnia and Herzegovina. These models, inspired by the human brain, consist of interconnected 
nodes with inputs, weights, and outputs. Statistica software was used to optimize the model's 
weights. Neural networks are mathematical structures that mimic the functioning of the human 
nervous system. They typically comprise multiple layers, with the input layer receiving data 
such as images, numbers, text, or sounds. Artificial neurons, the fundamental building blocks 
of these networks, simulate the behavior of biological neurons by processing multiple inputs 
and generating a single output. 
Neural networks have diverse applications, including [24-27]: 

• Recommender systems for streaming platforms. 
• Text translation services like Google Translate. 
• Personalized product recommendations in online auctions. 
• Forecasting, including the frequency of traffic accidents  

 
To predict the number of traffic accidents, a multilayer perceptron (MLP) neural network was 
utilized. The MLP architecture includes hidden layers of neurons, with the number of neurons 
in the hidden layer varying from two to eight. The output layer consists of a single neuron 
representing the time series values of the number of traffic accidents. The predictive 
performance of the model was evaluated using prediction error metrics derived from equations 
(2-7) 
 

 ME – mean error 

 𝑀𝐸 ൌ ଵ

௡
∑ ൫𝑌௜ െ 𝑌௣൯௡

௜ୀଵ  (2) 

 MAE – mean error 

 𝑀𝐴𝐸 ൌ ଵ

௡
∑ ห𝑌௜ െ 𝑌௣ห௡

௜ୀଵ  (3) 

 MPE – mean percentage error 

 𝑀𝑃𝐸 ൌ ଵ

௡
∑

௒೔ି௒೛

௒೔

௡
௜ୀଵ  (4) 

 MAPE - mean absolute percentage error 

 𝑀𝐴𝑃𝐸 ൌ ଵ

௡
∑

ห௒೔ି௒೛ห

௒೔

௡
௜ୀଵ  (5) 
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 SSE – mean square error 

 𝑆𝑆𝐸 ൌ ටଵ

௡
∑ ൫𝑌௜ െ 𝑌௣൯

ଶ௡
௜ୀଵ   (6) 

 𝑀ଶ - Theila measure 

 𝑀ଶ ൌ
∑ ሺ௒೔ି௒೛ሻమಿ

೔సభ

∑ ௒೔
మಿ

೔సభ
  (7) 

 
where: 
n – length of the forecast horizon, 
Y – observed value of traffic accidents 
Y p – the forecast value of traffic accidents.. 
 
Neural network models with the lowest average percentage error and average absolute 
percentage error were employed to forecast the frequency of traffic accidents in dependence. 
 
3. RESULTS 
To forecast the annual number of traffic accidents in Poland, data from the Polish Police from 
2010-2023 were used [21], while for Bosnia and Herzegovina, they came from the Unece 
Statistics of Road Traffic Accidents [22]. In both cases, the research was conducted in Statistica 
software, assuming two random sample sizes:  
1. teaching 70%, testing 15% and validation 15%. 
2. teaching 80%, testing 10% and validation 10%, 
with the following number of learning networks: 20,40,60,80,100,200 for which the MP error 
value was minimal (Table 1-4). 
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The analysis suggests that while a slight increase in traffic accidents on Polish roads is possible, 
the overall accident rate is likely to stabilize in the coming years. The choice of sample sizes 
significantly influences the model's accuracy. Increasing the proportion of the learning group 
relative to the test and validation groups can reduce the average percentage error. For instance, 
with a 70-15-15 split (learning, test, validation), the error was 5.68%. Increasing the learning 
group to 80% (80-10-10) reduced the error to 4.63%. These results are influenced by factors 
such as the increasing number of vehicles on Polish roads and the impact of the recent pandemic 
(Fig. 3). 

 
Fig. 3. Projected number of road accidents for 2024-2030 for Poland 

 
The research findings suggest that the number of traffic accidents in Bosnia and Herzegovina 
may stabilize or even slightly decrease in the coming years. The accuracy of these predictions 
is influenced by the choice of sample sizes. Increasing the proportion of the training dataset can 
improve model accuracy. For example, with a 70-15-15 split (training, testing, validation), the 
error was 5.95%. Increasing the training set to 80% (80-10-10) resulted in an error of 6.03%. 
These results are likely influenced by factors such as the increasing number of vehicles and the 
impact of the recent pandemic (Fig. 4) 

 

 
Fig. 4. Projected number of road accidents for 2024-2030 in Bosnia and Herzegovina 
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4. CONSLUSION 
This study utilized neural networks within the Statistica environment to forecast traffic accident 
frequency in Poland and Bosnia and Herzegovina. The algorithm optimized the model's weights 
to minimize average absolute error and average absolute percentage error. Based on the 
analysis, the number of traffic accidents is likely to stabilize in the coming years, influenced by 
factors such as the ongoing pandemic and the increasing number of vehicles. Forecast errors 
were calculated to assess model accuracy. These forecasts can inform the development of 
strategies to further reduce traffic accidents. For example, the implementation of increased fines 
for traffic violations in Poland, effective from January 1, 2022, represents one such measure. 
The pandemic significantly disrupted traffic patterns, influencing the accuracy of the research 
data. Future research will explore alternative statistical techniques for accident prediction, 
incorporating additional factors such as traffic volume, weather conditions, driver age, and 
employing exponential smoothing methods. 
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