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ABSTRACT 

Despite a general decline in recent years, road accidents are still a major problem 

worldwide, including in Poland and Slovenia. Even if there is no denying that the 

COVID-19 epidemic has had an impact on accident rates, the statistics nonetheless 

show that urgent action is required to further lower their frequency. The purpose of 

this study is to project how many traffic accidents will occur in Slovenia and Poland 

between 2024 and 2030. This was accomplished by analysing historical data on yearly 

accident incidence from Eurostat and the Polish Police. To create the predicted 

numbers, certain neural network models were used, utilising these datasets. The results 

indicate that the number of road accidents is likely to stabilise soon. This forecast is 

influenced by a number of factors, including the continued increase in car ownership 

and the ongoing development of road infrastructure, including the construction of new 

motorways and roads. It is important to remember that the accuracy of the forecast is 

susceptible to inherent limitations due to the random sampling of the data used to test, 

validate and train the models. 
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1. INTRODUCTION 

Traffic accidents are a major health and financial burden worldwide. The World Health Organisation 

(WHO) estimates that 1.3 million people die each year from traffic-related injuries, and these incidents cost 

countries around the world 3% of their average GDP [1]. It is noteworthy that the leading cause of mortality 

among young people aged 5 to 29 years is motor vehicle accidents [1]. By 2030, the UN General Assembly 

has set an ambitious target to reduce the number of deaths and injuries from road traffic accidents worldwide. 

To effectively develop a road safety policy, it is necessary to accurately measure the severity of traffic 

incidents. Implementing countermeasures to avoid and reduce the consequences of accidents requires an 

understanding of the elements that contribute to accident severity [2–4]. A Deep Neural Network (DNN) 

architecture was presented by Yang et al. [5] to predict different levels of injury, mortality and property 

damage, enabling accurate and precise investigation of accident severity. 

Accurate analysis and accident predictions depend on reliable data sources. In the past, government 

organisations have collected and analysed accident data from a variety of sources such as police reports, 

insurance databases and medical records [6]. 

Data sources for traffic analysis are numerous in modern transport networks. Data on vehicle movements, 

speeds and traffic volumes can be continuously recorded by cars equipped with GPS, roadside microwave 

sensors and licence plate recognition software [7–9]. Although real-time traffic information can be obtained 

via social media, user-generated data is not always accurate [10]. 
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Integration of data from several sources is often necessary for effective accident analysis. The accuracy of 

analytical conclusions can be improved by harmonising heterogeneous accident data and combining data from 

several sources [11]. 

Vilaca et al [12] conducted a statistical study of the relationship between road traffic participants and 

accident severity, highlighting the need for stricter road safety laws and regulations. Using accident data as a 

stand-in to investigate the causes of accidents, Bak et al [13] used multivariate statistical analysis to investigate 

the safety characteristics of accident perpetrators in a specific region of Poland. 

The specific research question determines which data source is used for accident analysis. The accuracy of 

accident prediction and mitigation can be improved by combining statistical models with data from intelligent 

transport systems and actual driving [14]. 

Time series models are often used to predict accident frequency [15, 16]. However, these models can 

inadequately assess the accuracy of predictions based on historical forecasts and often exhibit residual 

autocorrelation [17]. Although some studies have used Holt-Winters exponential smoothing [19] and multi-

seasonal models [18], these techniques may not adequately account for exogenous factors [20]. 

One of the most important measures of road safety is the number of accidents per 10,000 people (NRA). 

With a population of 37.6 million, Poland had 20,936 traffic accidents in 2023, yielding an NRA of 5.57. In 

comparison, Slovenia, which has a population of 3.86 million, had 10,633 traffic accidents, resulting in an 

NRA of 27.55, which is far higher than Poland’s. 

𝑁𝑅𝐴 =
𝑁𝑅

𝑁𝐼
∗ 10000   (1) 

where: 

⎯ NR – number road accidents 

⎯ NI – number inhabitants 

Using previously provided statistics, the authors estimated the number of accidents on the roads in Poland 

and Slovenia. Neural networks were used to predict the number of accidents in both countries. 

2. MATERIALS AND METHODS 

Road accidents continue to be a serious public safety problem. Although mobility restrictions caused by 

the pandemic have temporarily reduced the number of accidents in recent years, the total number is still too 

high. Implementing techniques to reduce the frequency of accidents and identifying the types of roads with the 

highest accident rates is essential to properly reduce this risk. Targeted action to improve road safety will be 

possible through a data-driven strategy. 

 
Figure 1 – Poland’s traffic accident rate from 2010 to 2023 [21] 
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Figure 2 – Slovenia’s traffic accident rate from 2010 to 2023 [22] 

To predict the number of road accidents in Poland and Slovenia, the study used special neural network 

models. Inspired by the human brain, neural networks consist of interconnected nodes that use a series of 

weighted connections to process information. 

The accuracy of the prediction is strongly influenced by the choice of the best model architecture and 

parameters. The best weighting values for the selected model were found using the Statistica software. Because 

of its multilayer design, neural networks can recognise intricate patterns in incoming data, including text, voice, 

and pictures. To get the desired result, the network’s internal parameters must be changed during the learning 

process. Basic building pieces of neural networks – artificial neurons – take several inputs and generate a single 

output, simulating the function of actual neurons. 

Tailored product suggestions in online auctions, machine translation in programs like Google Translate and 

tailored content recommendations in streaming services are just a few of the many uses for neural networks. 

Neural networks were used in this study to predict how frequently traffic accidents will occur. 

A multilayer perceptron neural network (MLP) was used in the prediction challenge. An input layer, one 

or more hidden layers (with two to eight neurons each) and an output layer formed the MLP design. Time 

series predictions for the number of traffic accidents were provided by the output layer [23–27]. 

Equations (2–7) create a set of prediction error measures that were used to assess the model’s performance: 

⎯ ME – mean error 

𝑀𝐸 =
1

𝑛
∑ (𝑌𝑖 − 𝑌𝑝)𝑛

𝑖=1   
(2) 

⎯ MAE – mean error 

𝑀𝐴𝐸 =
1

𝑛
∑ |𝑌𝑖 − 𝑌𝑝|𝑛

𝑖=1   
(3) 

⎯ MPE – mean percentage error 

𝑀𝑃𝐸 =
1

𝑛
∑

𝑌𝑖−𝑌𝑝

𝑌𝑖

𝑛
𝑖=1   

(4) 
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⎯ MAPE – mean absolute percentage error 

𝑀𝐴𝑃𝐸 =
1

𝑛
∑

|𝑌𝑖−𝑌𝑝|

𝑌𝑖

𝑛
𝑖=1   

(5) 

⎯ SSE – mean square error 

𝑆𝑆𝐸 = √
1

𝑛
∑ (𝑌𝑖 − 𝑌𝑝)

2𝑛
𝑖=1    

(6) 

⎯ 𝑀2 – Theila measure 

𝑀2 =
∑ (𝑌𝑖−𝑌𝑝)2𝑁

𝑖=1

∑ 𝑌𝑖
2𝑁

𝑖=1

  
(7) 

where: 

⎯ n – length the forecast horizon, 

⎯ Y – observed value road accidents 

⎯ Y p – forecast value road accidents. 

The neural network models with the lowest mean percentage error and mean absolute percentage error were 

employed to forecast the likelihood of traffic accidents in the future. 

3. RESULTS 

Polish Police statistics from 2010 to 2023 [21] and Eurostat data [22] were used to forecast the annual 

number of road accidents in Poland and Slovenia. Both studies were conducted using the 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 lowest possible MP error for the following number of learning networks: 20, 40, 60, 80, 100 and 200 

(Tables 1–4). 
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Table 1 – Summary of neural network learning for a random learning sample size of 70%, a test sample size of 15% and a validation sample size of 15% for Poland 

Network 

number 

Network 

name 

Quality 

(learning) 

Quality 

(testing) 

Quality 

(validation) 

Activation 

(hidden) 

Activation 

(output) 

Errors 

ME MAE MPE MAPE SSE Theil 

20 MLP 1-7-1 0.97 0.98 0.99 Tanh Logistic 932.03 2374.97 2.85% 6.69% 2747.76 4.56E-03 

20 MLP 1-8-1 0.97 0.98 0.99 Linear Logistic 664.14 2092.80 3.19% 6.46% 2667.94 4.30E-03 

20 MLP 1-2-1 0.97 0.98 0.99 Exponential Exponential 1168.74 2119.69 3.23% 5.69% 2657.54 4.26E-03 

20 MLP 1-4-1 0.96 0.97 0.99 Exponential Linear 1815.06 2891.74 2.84% 7.52% 3551.21 7.61E-03 

20 MLP 1-3-1 0.97 0.97 0.99 Tanh Logistic 1113.77 2387.70 3.25% 6.64% 2802.32 4.74E-03 

40 MLP 1-7-1 0.97 0.98 0.99 Exponential Exponential 837.43 2001.24 2.77% 5.68% 2484.15 3.72E-03 

40 MLP 1-3-1 0.97 0.98 0.99 Exponential Exponential 909.41 2052.58 2.80% 5.71% 2526.15 3.85E-03 

40 MLP 1-2-1 0.97 0.96 0.99 Logistic Logistic 1110.51 2279.94 3.35% 6.40% 2764.05 4.61E-03 

40 MLP 1-8-1 0.97 0.96 0.99 Logistic Exponential 1483.15 2363.70 4.57% 6.80% 2927.92 5.17E-03 

40 MLP 1-3-1 0.96 0.95 0.99 Logistic Exponential 1035.60 2590.23 3.60% 7.73% 3048.65 5.61E-03 

60 MLP 1-4-1 0.97 0.97 0.99 Tanh Logistic 1031.48 2377.94 3.10% 6.68% 2772.29 4.64E-03 

60 MLP 1-7-1 0.97 0.97 0.99 Tanh Logistic 777.04 2415.30 2.17% 6.63% 2763.52 4.61E-03 

60 MLP 1-2-1 0.97 0.97 0.99 Exponential Logistic 1109.93 2233.82 3.17% 6.12% 2715.75 4.45E-03 

60 MLP 1-5-1 0.97 0.97 0.99 Tanh Exponential 1090.27 2283.83 3.28% 6.40% 2721.35 4.47E-03 

60 MLP 1-6-1 0.97 0.98 0.99 Exponential Exponential 1071.39 1987.71 3.83% 5.94% 2590.07 4.05E-03 

80 MLP 1-5-1 0.97 0.97 0.99 Tanh Logistic 1040.10 2404.10 3.15% 6.78% 2796.23 4.72E-03 

80 MLP 1-8-1 0.97 0.98 0.99 Exponential Logistic 1023.90 2217.06 3.03% 6.15% 2661.45 4.27E-03 

80 MLP 1-3-1 0.97 0.98 0.99 Exponential Logistic 801.65 2239.47 2.48% 6.27% 2623.54 4.15E-03 

80 MLP 1-7-1 0.97 0.96 0.99 Logistic Logistic 978.70 2426.95 2.68% 6.63% 2851.96 4.91E-03 

80 MLP 1-7-1 0.97 0.98 0.99 Exponential Logistic 873.08 2237.49 2.54% 6.16% 2638.93 4.20E-03 

100 MLP 1-8-1 0.97 0.98 0.99 Exponential Logistic 1021.62 2260.14 2.99% 6.25% 2688.97 4.36E-03 

100 MLP 1-5-1 0.97 0.97 0.99 Logistic Logistic 1108.50 2402.26 3.24% 6.69% 2819.42 4.80E-03 

100 MLP 1-4-1 0.97 0.98 0.99 Logistic Exponential 909.58 2320.20 2.93% 6.65% 2707.86 4.43E-03 

100 MLP 1-2-1 0.96 0.95 0.99 Tanh Logistic 1114.15 2426.31 4.15% 7.43% 3005.79 5.45E-03 

100 MLP 1-2-1 0.97 0.97 0.99 Tanh Logistic 894.03 2347.67 2.83% 6.67% 2720.34 4.47E-03 

200 MLP 1-6-1 0.96 0.96 0.99 Tanh Logistic 644.88 2480.32 2.22% 7.15% 2814.19 4.78E-03 

200 MLP 1-6-1 0.97 0.96 0.99 Tanh Logistic 770.95 2330.09 2.51% 6.64% 2702.56 4.41E-03 

200 MLP 1-3-1 0.97 0.97 0.99 Logistic Logistic 970.77 2347.01 2.97% 6.61% 2750.08 4.56E-03 

200 MLP 1-2-1 0.95 0.92 0.99 Logistic Exponential 319.55 2657.15 0.32% 7.61% 3035.78 5.56E-03 

200 MLP 1-4-1 0.97 0.97 0.99 Tanh Logistic 1200.19 2356.37 3.63% 6.66% 2816.40 4.79E-03 
      Minimal 319.55 1987.71 0.32% 5.68% 2484.15 3.72E-03 
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Table 2 – Summary of neural network learning for a random learning sample size of 80%, a test sample size of 10% and a validation sample size of 10% for Poland 

Network 

number 

Network 

name 

Quality 

(learning) 

Quality 

(testing) 

Quality 

(validation) 

Activation 

(hidden) 

Activation 

(output) 

Errors 

ME MAE MPE MAPE SSE Theil 

20 MLP 1-5-1 0.96 0.99 1.00 Logistic Linear 422.40 1830.32 0.90% 5.12% 2362.11 3.37E-03 

20 MLP 1-5-1 0.96 0.99 1.00 Linear Tanh 420.05 2152.64 0.39% 6.51% 2773.07 4.64E-03 

20 MLP 1-3-1 0.96 0.99 1.00 Tanh Logistic 702.37 1986.10 2.31% 5.57% 2455.03 3.64E-03 

20 MLP 1-8-1 0.96 0.99 1.00 Linear Tanh 326.74 2130.77 0.17% 6.45% 2734.11 4.51E-03 

20 MLP 1-8-1 0.96 0.99 1.00 Logistic Tanh 265.62 1759.88 0.80% 4.63% 2294.49 3.18E-03 

40 MLP 1-5-1 0.96 0.99 1.00 Tanh Exponential 1544.71 2539.20 6.27% 8.23% 3300.44 6.57E-03 

40 MLP 1-5-1 0.96 0.99 1.00 Linear Tanh 180.47 2355.28 0.72% 7.31% 2994.43 5.41E-03 

40 MLP 1-2-1 0.96 0.99 1.00 Linear Tanh 184.52 2325.08 1.67% 7.28% 2934.77 5.20E-03 

40 MLP 1-6-1 0.96 0.98 1.00 Logistic Logistic 725.12 2046.17 3.35% 6.03% 2699.40 4.40E-03 

40 MLP 1-2-1 0.96 0.99 1.00 Logistic Tanh 397.20 1761.51 1.05% 4.76% 2339.08 3.30E-03 

60 MLP 1-2-1 0.95 0.98 1.00 Logistic Exponential 46.12 2638.20 0.89% 7.75% 3021.27 5.51E-03 

60 MLP 1-6-1 0.96 0.99 1.00 Linear Tanh 381.15 2625.38 2.79% 8.41% 3359.27 6.81E-03 

60 MLP 1-6-1 0.95 0.98 1.00 Logistic Logistic 1436.54 2605.98 2.62% 6.58% 3107.29 5.83E-03 

60 MLP 1-3-1 0.95 0.98 1.00 Tanh Tanh 225.51 2181.93 1.10% 6.66% 2827.63 4.83E-03 

60 MLP 1-6-1 0.95 0.99 1.00 Exponential Logistic 231.31 2206.35 0.69% 5.98% 2657.70 4.26E-03 

80 MLP 1-2-1 0.96 0.99 1.00 Logistic Tanh 63.00 2068.87 0.35% 6.24% 2669.34 4.30E-03 

80 MLP 1-3-1 0.96 0.99 1.00 Linear Tanh 261.75 2325.06 0.42% 7.18% 2957.41 5.28E-03 

80 MLP 1-2-1 0.96 0.98 1.00 Logistic Linear 553.25 2205.41 2.23% 6.74% 2759.02 4.59E-03 

80 MLP 1-2-1 0.95 0.98 1.00 Tanh Logistic 81.51 2328.80 0.41% 6.55% 2719.89 4.46E-03 

80 MLP 1-7-1 0.96 0.99 1.00 Linear Tanh 159.97 2374.17 0.82% 7.38% 3018.42 5.50E-03 

100 MLP 1-7-1 0.96 0.99 1.00 Linear Tanh 573.15 2175.01 0.84% 6.54% 2792.33 4.71E-03 

100 MLP 1-2-1 0.95 0.99 1.00 Tanh Logistic 334.46 2310.29 1.71% 6.79% 2726.36 4.49E-03 

100 MLP 1-5-1 0.96 0.99 1.00 Linear Tanh 180.96 2441.21 1.90% 7.72% 3101.83 5.81E-03 

100 MLP 1-2-1 0.96 0.99 1.00 Linear Tanh 573.25 2174.78 0.84% 6.54% 2791.98 4.70E-03 

100 MLP 1-4-1 0.96 0.99 1.00 Linear Tanh 100.84 2331.11 0.91% 7.25% 2967.66 5.32E-03 

200 MLP 1-8-1 0.96 0.99 1.00 Tanh Tanh 380.18 2350.66 2.18% 7.47% 3034.06 5.56E-03 

200 MLP 1-2-1 0.96 0.98 1.00 Tanh Linear 265.66 2300.27 1.76% 7.12% 2877.84 5.00E-03 

200 MLP 1-8-1 0.96 0.99 1.00 Tanh Tanh 1932.17 2744.39 4.08% 6.86% 3486.86 7.34E-03 

200 MLP 1-3-1 0.96 0.98 1.00 Logistic Tanh 38.54 1969.49 0.44% 5.51% 2441.32 3.60E-03 

200 MLP 1-4-1 0.95 0.98 1.00 Logistic Logistic 704.60 2296.70 1.35% 6.17% 2731.82 4.50E-03 
      Minimal 38.54 1759.88 0.17% 4.63% 2294.49 3.18E-03 
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Table 3 – Summary of neural network learning for a random learning sample size of 70%, a test sample size of 15% and a validation sample size of 15% for Slovenia 

Network 

number 

Network 

name 

Quality 

(learning) 

Quality 

(testing) 

Quality 

(validation) 

Activation 

(hidden) 

Activation 

(output) 

Errors 

ME MAE MPE MAPE SSE Theil 

20 MLP 1-4-1 0.75 1.00 1.00 Linear Linear 30.71 193.48 0.91% 3.56% 372.79 3.45E-03 

20 MLP 1-7-1 0.75 1.00 1.00 Logistics Logistics 133.34 260.48 2.84% 4.80% 457.86 3.89E-03 

20 MLP 1-8-1 0.74 1.00 1.00 Linear Tanh 164.66 265.45 3.36% 4.91% 464.21 1.43E-01 

20 MLP 1-5-1 0.77 1.00 1.00 Exponential Linear 3.69 185.43 0.37% 3.38% 359.54 1.49E-01 

20 MLP 1-3-1 0.72 1.00 1.00 Exponential Exponential 6.30 198.22 0.60% 3.61% 374.35 4.39E-03 

40 MLP 1-5-1 0.73 1.00 1.00 Tanh Tanh 6.47 191.92 0.51% 3.52% 369.30 3.45E-03 

40 MLP 1-4-1 0.71 1.00 1.00 Logistics Tanh 56.36 192.69 1.36% 3.56% 379.19 3.89E-03 

40 MLP 1-2-1 0.76 1.00 1.00 Tanh Linear 38.47 283.70 1.16% 5.12% 436.69 1.43E-01 

40 MLP 1-4-1 0.75 1.00 1.00 Linear Linear 28.74 189.75 0.89% 3.49% 370.73 1.49E-01 

40 MLP 1-5-1 0.74 1.00 1.00 Tanh Tanh 37.63 175.76 1.06% 3.39% 368.68 4.39E-03 

60 MLP 1-4-1 0.77 1.00 1.00 Tanh Exponential 8.34 187.24 0.29% 3.40% 358.98 3.45E-03 

60 MLP 1-4-1 0.77 1.00 1.00 Tanh Logistics 14.49 187.31 0.67% 3.42% 359.24 3.89E-03 

60 MLP 1-7-1 0.74 1.00 1.00 Logistics Tanh 39.18 291.45 1.17% 5.26% 447.96 1.43E-01 

60 MLP 1-3-1 0.77 1.00 1.00 Exponential Tanh 12.82 196.63 0.21% 3.56% 357.07 1.49E-01 

60 MLP 1-7-1 0.77 1.00 1.00 Linear Exponential 8.22 186.00 0.29% 3.38% 359.40 4.39E-03 

80 MLP 1-8-1 0.72 1.00 1.00 Tanh Tanh 27.43 193.68 0.86% 3.57% 375.90 3.45E-03 

80 MLP 1-4-1 0.77 1.00 1.00 Logistics Logistics 16.09 200.87 0.15% 3.62% 355.34 3.89E-03 

80 MLP 1-4-1 0.77 1.00 1.00 Exponential Tanh 30.00 273.63 1.01% 4.94% 420.37 1.43E-01 

80 MLP 1-6-1 0.77 1.00 1.00 Tanh Logistics 14.31 189.16 0.19% 3.43% 358.57 1.49E-01 

80 MLP 1-7-1 0.74 1.00 1.00 Exponential Exponential 57.82 217.51 1.53% 4.00% 408.16 4.39E-03 

100 MLP 1-4-1 0.74 1.00 1.00 Tanh Linear 2.56 191.36 0.42% 3.48% 367.28 3.45E-03 

100 MLP 1-6-1 0.77 1.00 1.00 Tanh Exponential 9.40 187.94 0.27% 3.41% 358.87 3.89E-03 

100 MLP 1-3-1 0.76 1.00 1.00 Exponential Linear 95.83 242.44 2.16% 4.47% 425.61 1.43E-01 

100 MLP 1-8-1 0.74 1.00 1.00 Exponential Exponential 70.51 222.33 1.75% 4.09% 416.18 1.49E-01 

100 MLP 1-3-1 0.77 1.00 1.00 Tanh Linear 41.13 189.96 1.14% 3.49% 362.66 4.39E-03 

200 MLP 1-8-1 0.75 1.00 1.00 Linear Exponential 85.16 219.40 1.99% 4.06% 415.90 3.45E-03 

200 MLP 1-6-1 0.74 1.00 1.00 Exponential Exponential 55.75 211.18 1.48% 3.89% 400.48 3.89E-03 

200 MLP 1-7-1 0.76 1.00 1.00 Exponential Logistics 25.94 300.56 0.93% 5.40% 450.20 1.43E-01 

200 MLP 1-2-1 0.76 1.00 1.00 Exponential Linear 32.63 189.13 1.02% 3.49% 366.05 1.49E-01 

200 MLP 1-5-1 0.74 1.00 1.00 Exponential Exponential 14.96 197.62 0.21% 3.58% 368.45 4.39E-03 
      Minimal 2.56 175.76 0.15% 3.38% 355.34 3.45E-03 
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Table 4 – Summary of neural network learning for a random learning sample size of 80%, a test sample size of 10% and a validation sample size of 10% for Slovenia 

Network 

number 

Network 

name 

Quality 

(learning) 

Quality 

(testing) 

Quality 

(validation) 

Activation 

(hidden) 

Activation 

(output) 

Errors  

ME MAE MPE MAPE SSE Thail 

20 MLP 1-7-1 0.78 0.00 0.00 Logistics Tanh 10.52 188.64 0.25% 3.42% 349.31 3.45E-03 

20 MLP 1-7-1 0.75 0.00 0.00 Linear Linear 24.97 193.64 0.82% 3.56% 371.72 3.89E-03 

20 MLP 1-2-1 0.77 0.00 0.00 Logistics Logistics 14.25 274.47 0.72% 4.93% 409.26 1.43E-01 

20 MLP 1-8-1 0.72 0.00 0.00 Linear Tanh 206.55 242.07 3.95% 4.50% 442.47 1.49E-01 

20 MLP 1-8-1 0.77 0.00 0.00 Linear Exponential 12.84 187.08 0.64% 3.41% 359.00 4.39E-03 

40 MLP 1-5-1 0.78 0.00 0.00 Logistics Logistics 11.65 206.39 0.23% 3.72% 352.99 3.45E-03 

40 MLP 1-7-1 0.77 0.00 0.00 Exponential Exponential 3.42 192.99 0.37% 3.50% 355.22 3.89E-03 

40 MLP 1-3-1 0.82 0.00 0.00 Logistics Logistics 23.22 249.17 0.76% 4.43% 367.46 1.43E-01 

40 MLP 1-8-1 0.77 0.00 0.00 Logistics Logistics 4.78 193.91 0.52% 3.53% 356.38 1.49E-01 

40 MLP 1-6-1 0.77 0.00 0.00 Exponential Logistics 43.43 198.40 1.20% 3.65% 365.75 4.39E-03 

60 MLP 1-4-1 0.77 0.00 0.00 Logistics Linear 3.45 197.39 0.37% 3.57% 355.30 3.45E-03 

60 MLP 1-4-1 0.75 0.00 0.00 Exponential Exponential 14.41 200.11 0.63% 3.66% 371.35 3.89E-03 

60 MLP 1-6-1 0.77 0.00 0.00 Logistics Exponential 8.63 274.84 0.62% 4.92% 405.66 1.43E-01 

60 MLP 1-6-1 0.75 0.00 0.00 Exponential Exponential 15.80 201.76 0.65% 3.69% 372.48 1.49E-01 

60 MLP 1-2-1 0.76 0.00 0.00 Linear Exponential 285.98 309.26 5.36% 5.71% 514.53 4.39E-03 

80 MLP 1-5-1 0.77 0.00 0.00 Logistics Exponential 6.35 195.89 0.32% 3.55% 356.70 3.45E-03 

80 MLP 1-7-1 0.76 0.00 0.00 Tanh Logistics 9.84 190.05 0.57% 3.46% 361.92 3.89E-03 

80 MLP 1-2-1 0.77 0.00 0.00 Exponential Tanh 14.55 274.13 0.73% 4.92% 409.86 1.43E-01 

80 MLP 1-6-1 0.77 0.00 0.00 Exponential Logistics 5.75 197.31 0.33% 3.57% 356.63 1.49E-01 

80 MLP 1-2-1 0.75 0.00 0.00 Linear Logistics 4.83 198.72 0.47% 3.62% 366.91 4.39E-03 

100 MLP 1-3-1 0.75 0.00 0.00 Linear Logistics 5.52 203.46 0.29% 3.69% 367.79 3.45E-03 

100 MLP 1-3-1 0.75 0.00 0.00 Linear Linear 30.47 193.10 0.91% 3.55% 372.55 3.89E-03 

100 MLP 1-3-1 0.73 0.00 0.00 Linear Tanh 224.97 298.81 4.35% 5.54% 506.05 1.43E-01 

100 MLP 1-7-1 0.77 0.00 0.00 Exponential Logistics 4.41 196.64 0.35% 3.56% 356.62 1.49E-01 

100 MLP 1-2-1 0.72 0.00 0.00 Linear Tanh 60.29 202.17 1.41% 3.73% 384.30 4.39E-03 

200 MLP 1-5-1 0.76 0.00 0.00 Logistics Logistics 1.55 199.88 0.36% 3.63% 365.81 3.45E-03 

200 MLP 1-2-1 0.77 0.00 0.00 Logistics Tanh 8.82 197.37 0.28% 3.57% 355.53 3.89E-03 

200 MLP 1-8-1 0.76 0.00 0.00 Tanh Logistics 44.49 285.58 1.24% 5.15% 432.62 1.43E-01 

200 MLP 1-2-1 0.66 0.00 0.00 Logistics Linear 105.71 226.65 2.17% 4.18% 409.52 1.49E-01 

200 MLP 1-5-1 0.75 0.00 0.00 Linear Logistics 4.76 198.82 0.47% 3.62% 366.94 4.39E-03 
      Minimal 1.55 187.08 0.23% 3.41% 349.31 3.45E-03 
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Despite a possible minor uptick, the research predicts that Poland’s traffic accident rate will level out in the 

upcoming years. The sample sizes selected for model training, validation and testing are among the variables 

that affect how accurate these projections are. In general, prediction accuracy may be raised by increasing the 

percentage of data allotted for model training. For example, increasing the size of the training set to 80% (80-

10-10 split) reduced the average percentage error from 5.68% (using a 70-15-15 split across training, testing 

and validation sets) to 4.63%. In addition, the increasing number of cars on Polish roads and the recent COVID-

19 epidemic have an impact on the model’s forecasts (Figure 3). 

 
Figure 3 – Projected number of road accidents in Poland between 2024 and 2030 

However, Slovenia showed the opposite pattern, with traffic accidents steadily increasing until 2020, when 

a steep decline was noted as a result of the COVID-19 lockdown. But once the market reopened, there was a 

sharp rise in traffic accidents. When the training set size was extended to 80% (80-10-10 split), the average 

percentage error for forecasting the traffic accident trend for Slovenia increased somewhat from 2.14% with a 

70-15-15 split between training, testing and validation sets to 4.84%. Although there are several factors 

influencing road accidents and the COVID epidemic has a major impact on traffic reduction, the forecasting 

approach is effective at predicting future traffic accident trends with the fewest possible mistakes (Figure 4).  

 
Figure 4 – Projected number of road accidents in Slovenia between 2024 and 2030  
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4. CONCLUSION 

This study predicted the frequency of traffic accidents in Poland and Slovenia using neural network models 

in the Statistica environment. In order to reduce the mean absolute error and mean absolute percentage error, 

the algorithm adjusted the network weights. 

Based on factors such as the recent pandemic and the increasing number of cars on the road, the results 

indicate that the number of traffic accidents will stabilise in the coming years. By examining the calculated 

prediction errors, the accuracy of the predictions was evaluated. 

In light of these predictions, it is necessary to take proactive steps to further minimise the number of traffic 

accidents. Recent steps have been taken in this direction, such as the introduction of higher fines for traffic 

offenses in Poland (which will go into effect on 1 January 2022). 

The COVID-19 epidemic had a major impact on traffic patterns, which to some extent distorted the survey 

data collected. 

Future studies will examine the use of different statistical approaches and the inclusion of other variables 

affecting accident frequency, such as traffic volume, weather, driver age and the use of exponential smoothing 

techniques. 
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