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A b s t r a c t

Every year a very large number of people die on the roads. From year to year, the value 
decreases, there are still a very high number of them. The pandemic has reduced the number 
of road accidents, but the value is still very high. For this reason, it is necessary to know under 
which weather conditions the highest number of road accidents occur, and to know the forecast 
of accidents according to the prevailing weather conditions for the coming years, in order to be 
able to do everything possible to minimize the number of road accidents. 

The purpose of the article is to make a forecast of the number of road accidents in Poland 
depending on the prevailing weather conditions. The research was divided into two parts. The first 
was the analysis of annual data from the Police statistics on the number of road accidents in Poland 
in 2001-2021, and on this basis the forecast of the number of road accidents for 2022-2031 was 
determined. The second part of the research, dealt with monthly data from 2007-2021. Again, the 
analyzed forecast for the period January 2022-December 2023 was determined. 

The results of the study indicate that we can still expect a decline in the number of accidents 
in the coming years, which is particularly evident when analyzing annual data. It is worth noting 
that the prevailing pandemic distorts the results obtained. The research was conducted in MS Excel, 
using selected trend models. 
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Introduction

Road traffic accidents are events that cause not only injuries or death to road 
users, but also damage to property. According to the WHO, approximately 
1.3 million people die each year as a result of traffic accidents. Traffic accidents 
account for around 3% of their GDP for most of the countries in the world. Road 
traffic accidents are the leading cause of death for minors and young people aged 
5-29 (The Global Status on Road Safety 2018). The UN General Assembly has 
set an ambitious goal of halving the number of road deaths and injuries by 2030.

The extent of a traffic accident is an attribute for determining its severity. 
Predicting the severity of accidents is important for competent authorities when 
designing transport safety policies to eliminate accidents, reduce injuries, deaths 
and property losses (Tambouratzis et al. 2014, Zhu et al. 2019). The identification 
of critical factors that affect the severity of accidents is a precondition for taking 
countermeasures to eliminate and mitigate the severity of accidents (Arteaga 
et al. 2020). Yang et al. proposes a DNN (Deep Neutral Network) multi-carbon 
framework to predict different levels of severity of injury, death and property 
loss. It allows a comprehensive and accurate analysis of the severity of traffic 
accidents (Yang et al. 2022).

There are several sources of accident data. They are mostly collected and 
analyzed by government authorities through the relevant government agencies. 
Data collection is carried out through police reports, insurance databases 
or hospital records. Partial traffic accident information is subsequently processed 
for the transport sector on a larger scale (Gorzelańczyk et al. 2020).

Intelligent transportation systems are currently the most important source 
of data related to the analysis and prediction of traffic accidents. The data can 
be processed due to the use of GPS devices in vehicles (Chen 2017). Microwave 
vehicle detection systems at roadsides can continuously record vehicle data (speed, 
traffic volume, vehicle type, etc.) (Khaliq et al. 2019). The Vehicle License Plate 
Recognition system also makes it possible to collect large amounts of traffic data 
over a monitored period (Rajput et al. 2015). Another source of data for obtaining 
traffic and accidents information can be social media, but their relevance may 
be insufficient due to the incompetence of reporters (Zheng et al. 2018).

For the relevance of accident data, it is necessary to work with several data 
sources that need to be confronted correctly. The combination of different data 
sources by consolidating heterogeneous traffic accident data helps to increase 
the accuracy of the analysis results (Abdullah, Emam 2016). 

A statistical survey aimed at assessing the severity, finding out the connection 
between traffic accidents and road users was performed by Vilaca et al. (2017). 
The result of the study is a proposal to improve road safety standards and the 
adoption of other policies related to transport safety.
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Bak et al. (2019) conducted a statistical survey of traffic safety in a selected 
region of Poland based on the number of traffic accidents, the pace of finding out 
the causes of their occurrence. The survey applied a multidimensional statistical 
analysis to examine safety aspect of persons responsible for accidents.

The choice of the source of accident data for the analysis depends on the 
type of traffic problem being addressed. The combination of statistical models 
with other natural driving data or other data obtained through intelligent 
transport systems contributes to increasing the accuracy of accident forecasts 
and contributes to their elimination (Chand et al. 2021). 

Various methods of forecasting the number of accidents can be found in the 
literature. Most often, time series methods are used for forecasting the number of 
road traffic accidents (Helgason 2016, Lavrenz 2018), the disadvantages of which 
are the impossibility of assessing the quality of forecast on the basis of expired 
forecasts and the often-occurring autocorrelation of the residual component 
(Forecasting 2022). Procházka et al. (2017) used the multiple seasonality 
model for forecasting and Sunny et al. (2018) used the Holt-Winters exponential 
smoothing method. Its limitations include the inability to introduce exogenous 
variables into the model (Dudek 2013, Szmuksta-Zawadzka, Zawadzki 2009). 

For forecasting the number of road accidents, the vector autoregression 
model has also been used, whose drawback is the need to have a large number 
of observations of the variables in order to correctly estimate their parameters 
(Wójcik 2014), as well as the autoregression models of Monederoa et al. (2021) 
for analysing the number of fatalities (Monederoa et al. 2021) and Al-Madani 
(2018), curve-fitting regression models. These, in turn, require only simple linear 
relationships (Mamczur 2022), and the order of the autoregression (assuming 
that the series are already stationary) (Piłatowska 2012). 

Biswas et al. (2019) used Random Forest regression to predict the number 
of road accidents. In this case, the data contain groups of correlated features 
with similar significance to the original data, smaller groups are favoured over 
larger ones (Las losowy 2022), and there is instability in the method and spike 
prediction (Fijorek et al. 2010). Chudy-Laskowska and Pisula (2014) used 
the autoregressive model with quadratic trend, the univariate periodic trend 
model and the exponential equalization model for the forecasting issue discussed. 
A moving mean model can also be used for forecasting the discussed issue, the 
disadvantages of which are low forecast accuracy, loss of data in the sequence, 
lack of consideration of trends and seasonal effects (Kashpruk 2010). Prochozka 
and Camej (2017) used the GARMA method, in which some restrictions are 
imposed in the parameter space to guarantee the stationarity of the process. 
Very often the ARMA model for a stationary process or ARIMA or SARIMA for 
a non-stationary process is used for forecasting (Procházka et al. 2017, Sunny 
et al. 2018, Dutta et al. 2020, Karlaftis et al. 2009). These models result 
in very high flexibility of the discussed models, but it is also their disadvantage, 
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as good model identification requires more experience from the researcher than, 
for example, regression analysis (Łobejko et al. 2015). Another disadvantage 
is the linear nature of the ARIMA model (Dudek 2013).

Chudy-Laskowska and Pisula (2015) in their work used the ANOVA method 
to forecast the number of road crashes. The disadvantage of this method is the 
adoption of additional assumptions, especially the assumption of sphericity, the 
violation of which may lead to erroneous conclusions (Gregorczyk, Swarcewicz 
2012). Neural network models are also used to forecast the number of road 
accidents. The disadvantage of ANN is the need for experience in this field 
(Chudy-Laskowska, Pisula 2017, Wrobel 2017) and the dependence of the 
final solution on the initial conditions of the network, as well as the lack 
of interpretability in the traditional way since ANN is usually referred to as 
blackbox where you give input and the model gives output without any knowledge 
about the analysis (Techniki zgłębiania danych (data mining) 2022). 

A new prediction method is the use of the Hadoop model by Kumar et al. 
(2019). The drawback of this method is its inability to work with small data 
files (Top Advantages and Disadvantages of Hadoop 3. 2022). Karlaftis and 
Vlahogianni (2009) used the Garch model for prediction. The disadvantage 
of this method is its complex form and complicated model (Perczak, Fiszeder 
2014, Fiszeder 2009). On the other hand, McIlroy and his team used the ADF 
test (McIlroy et al. 2019), which has the disadvantage of poor power in the 
case of autocorrelation of the random component (Muck 2022).

Authors of publications (Shetty et al. 2017, Li et al. 2017) have also used 
Data-Mining techniques for forecasting, which usually have the disadvantage 
of huge sets of general descriptions (Marcinkowska 2015). The combination 
of models proposed by Sebego et al. (2008) as a combination of different 
models is also encountered. Parametric models are also proposed in the work 
of Bloomfield (1973).

Analyzing the above information, trend models were chosen to predict the 
number of traffic accidents depending on weather conditions.

Number of road accidents

Every year a very large number of people are killed on the roads. From 
year to year, the value decreases, there are still a very high number of them. 
Pandemic has reduced the number of road accidents, but the value is still very high. 
Analyzing the data on the number of road accidents according to the prevailing 
weather conditions on an annual and monthly basis, it can be said that there are 
clear fluctuations with a continuing downward trend. Compared to the European 
Union, the number of accidents in Poland is still very high. For this reason, every 
effort should be made to know the forecast of the number of accidents for the 
coming years under different weather conditions (Fig. 1, 2).



Technical Sciences	 26, 2023

	 Forecasting the Number of Road Accidents in Poland…	 61

Fig. 1. Number of accidents in Poland from 2001 to 2021 by year 
Source: based on data from Statystyka. Portal Polskiej Policji (2022).

Fig. 2. Number of accidents in Poland from 2007 to 2021 by month 
Source: based on data from Statystyka. Portal Polskiej Policji (2022).
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For the purpose of this work, it was assumed (Krzyczkowska 2019):
–	good atmospheric conditions are: 

•	air temperature > 3ºC, 
•	no precipitation, 
•	wind < 5.5 m/s, 
•	visibility > 10 km, 
•	pressure difference over the day < 8 hPa; 

–	bad weather conditions (if one of the following factors is met) are:
•	 slippery pavement (temperature < 3ºC and occurrence of precipitation), 
•	heavy rain (temperature > 0ºC, precipitation > 3 mm), 
•	 snowstorm (temperature < 0ºC, precipitation > 3 mm), 
•	 strong wind (wind > 10 ms/s) 
•	dense fog (visibility < 300 m).

Forecasting the number of traffic accidents

The following trend models were used in forecasting the number of traffic 
accidents for the analyzed weather conditions:

–	exponential,
–	linear,
–	logarithmic,
–	polynomial of 2nd degree,
–	polynomial of 3rd degree,
–	polynomial of 4th degree,
–	polynomial of 5th degree,
–	polynomial of 6th degree,
–	potentiometric.
In the first step, for the analyzed trend models, the mathematical formula 

of the analyzed data on an annual and monthly basis was determined. As can 
be seen, the R-square coefficient, which is a measure of the quality of the model 
fit for annual data in most cases there is a good or satisfactory fit, while for 
monthly data there is a poor and unsatisfactory fit. This is mainly due to the 
seasonality of the number of traffic accidents in the weather conditions analyzed, 
with the least number of accidents during fog and the most during good conditions 
(Tab. 1-7). Model parameters were determined using the least squares method.

Then, using the data in Tables 1-7, the projected number of traffic accidents 
was determined. For annual data it was the period 2022-2031, while for monthly 
data it was the period from January 2022 to December 2023. The forecast in this 
case was based on trend models and historical data. The result of the forecast 
using this method, depends on the choice of the model and its fit. 
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Table 1
 Trend models during good weather conditions

Data/model Annual data Monthly data

Exponential
y = 39,361e-0,041x y = 3,627.8e4E-05x

R² = 0.9379 R² = 0.0565

Linear
y = -1,033.1x + 37,145 y = 0.9753x – 17,991

R² = 0.9528 R² = 0.0649

Logarithmic
y = -7,316 ln(x) + 41,592 y = 40,532 ln(x) – 408,478

R² = 0.8298 R² = 0.0643

Polynomial 
of 2nd degree

y = 7.5551x2 – 1,199.3x + 37,782 y = 0.0002x2 – 14.815x + 311,602
R² = 0.9543 R² = 0.0698

Polynomial 
of 3rd degree

y = 0.7577x3 – 17.448x2 – 974.1x + 
37,322

y = -2E-07x3 + 0.0223x2 – 937.39x + 
1E+07

R² = 0.9547 R² = 0.078

Polynomial 
of 4th degree

y = -0.7724x4 + 34.742x3 – 505.92x2 + 
1,548x + 33,972

y = -2E-10x4 + 4E-05x3 – 2.4024x2 + 
66,559x – 7E+08

R² = 0.9664 R² = 0.1048

Polynomial 
of 5th degree

y = -0.0836x5 + 3.828x4 – 56.383x3 + 
274.62x2 – 1,148.4x + 36,592

y = 3E-14x5 – 7E-09x4 + 0.0006x3 – 
25.167x2 + 541,739x – 5E+09

R² = 0.9699 R² = 0.1058

Polynomial 
of 6th degree

y = -0.0008x6 – 0.0282x5 + 2.4271x4 – 
39.453x3 + 175.29x2 – 896.32x + 36,399

y = 6E-17x6 – 1E-11x5 + 2E-06x4 – 
0.086x3 + 2,686.4x2 – 4E+07x + 3E+11

R² = 0.9699 R² = 0.1121

Potentiometric
y = 46,046x-0.283 y = 0.0001x1.789

R² = 0.7625 R² = 0.056

Table 2
Trend models during fog, smoke

Data/model Annual data Monthly data
1 2 3

Exponential
y = 579.63e-0.037x y = 220.69e-3E-05x

R² = 0.6162 R² = 0.0014

Linear
y = -14.24x + 557.12 y = -0.004x + 293.07

R² = 0.5515 R² = 0.0021

Logarithmic
y = -89.69 ln(x) + 594.29 y = -168.1 ln(x) + 1,915.5

R² = 0.3799 R² = 0.0022

Polynomial 
of 2nd degree

y = -0.7155x2 + 1.5018x + 496.77 y = 2E-06x2 – 0.1653x + 3,659.4
R² = 0.5921 R² = 0.0032

Polynomial 
of 3rd degree

y = 0.0733x3 – 3.1345x2 + 23.287x + 
452.27

y = -1E-09x3 + 0.0002x2 – 6.5121x + 
91,953

R² = 0.6039 R² = 0.0039
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1 2 3

Polynomial 
of 4th degree

y = 0.0089x4 – 0.3187x3 + 2.4996x2 – 
5.8036x + 490.9

y = -4E-13x4 + 6E-08x3 – 0.004x2 + 
108.79x – 1E+06

R² = 0.6086 R² = 0.0041

Polynomial 
of 5th degree

y = 0.0013x5 – 0.0626x4 + 1.0984x3 – 
9.6382x2 + 36.128x + 450.16

y = 2E-15x5 – 4E-10x4 + 3E-05x3 – 
1.2797x2 + 26,738x – 2E+08

R² = 0.6113 R² = 0.0098

Polynomial 
of 6th degree

y = 0.0004x6 – 0.0223x5 + 0.534x4 – 
6.1118x3 + 32.663x2 – 71.229x + 532.65

y = 8E-19x6 – 2E-13x5 + 2E-08x4 – 
0.0012x3 + 36.143x2 – 598,092x + 

4E+09
R² = 0.6164 R² = 0.0122

Potentiometric
y = 634.51x-0.232 y = 1E+07x-1.142

R² = 0.4126 R² = 0.0015

Table 3
 Trend models during rainfall

Data/model Annual data Monthly data

Exponential
y = 6,785.4e-0.033x y = 587.07e4E-05x

R² = 0.6669 R² = 0.013

Linear
y = -153.24x + 6,533.4 y = 0.1828x – 3669.6

R² = 0.6471 R² = 0.0184

Logarithmic
y = -1,071 ln(x) + 7,162.9 y = 7,578 ln(x) – 76,659

R² = 0.5492 R² = 0.0181

Polynomial 
of 2nd degree

y = -2.9002x2 – 89.436x + 6,288.8 y = 5E-05x2 – 4.2208x + 88,247
R² = 0.6539 R² = 0.0215

Polynomial 
of 3rd degree

y = -0.7386x3 + 21.473x2 – 308.94x + 
6,737.2

y = -7E-08x3 + 0.0082x2 – 346.49x + 
5E+06

R² = 0.6661 R² = 0.0305

Polynomial 
of 4th degree

y = -0.0587x4 + 1.8455x3 – 15.668x2 – 
117.17x + 6,482.5

y = -7E-12x4 + 1E-06x3 – 0.0671x2 + 
1,750.1x – 2E+07

R² = 0.6681 R² = 0.0308

Polynomial 
of 5th degree

y = -0.0461x5 + 2.4794x4 – 48.43x3 + 
414.97x2 – 1,604.9x + 7,928.1

y = 5E-14x5 – 1E-08x4 + 0.0009x3 – 
38.121x2 + 796,065x – 7E+09

R² = 0.7018 R² = 0.0516

Polynomial 
of 6th degree

y = 0.0074x6 – 0.5352x5 + 14.841x4 – 
197.82x3 + 1,291.4x2 – 3,829.2x + 

9,637.2
y = 2E-17x6 – 4E-12x5 + 4E-07x4 – 

0.0239x3 + 740.27x2 – 1E+07x + 8E+10

R² = 0.7239 R² = 0.0558

Potentiometric
y = 7,648.6x-0.225 y = 3E-05x1.7424

R² = 0.5287 R² = 0.0127

cont. Table 2
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Table 4
Trend models during snowfall, hail

Data/model Annual data Monthly data

Exponential
y = 2,199.9e-0.072x y = 3.0473e0.0001x

R² = 0.4569 R² = 0.0406

Linear
y = -69.145x + 1,948.3 y = -0.0329x + 1,943.3

R² = 0.4551 R² = 0.0123

Logarithmic
y = -467.5 ln(x) + 2,197.9 y = -1,394 ln(x) + 15,404

R² = 0.3612 R² = 0.0126

Polynomial 
of 2nd degree

y = -1.1547x2 – 43.742x + 1,850.9 y = 2E-05x2 – 1.6199x + 35,069
R² = 0.4588 R² = 0.0204

Polynomial 
of 3rd degree

y = 0.4937x3 – 17.448x2 + 103x + 
1,551.1

y = -3E-08x3 + 0.0038x2 – 159.64x + 
2E+06

R² = 0.4776 R² = 0.0603

Polynomial 
of 4th degree

y = 0.0859x4 – 3.2849x3 + 36.863x2 – 
177.43x + 1,923.6

y = 1E-11x4 – 2E-06x3 + 0.1568x2 – 
4,419.4x + 5E+07

R² = 0.4929 R² = 0.078

Polynomial 
of 5th degree

y = 0.0037x5 – 0.116x4 + 0.7143x3 + 
2.6081x2 – 59.091x + 1,808.6

y = -1E-14x5 + 2E-09x4 – 0.0002x3 + 
8.08x2 – 169,803x + 1E+09

R² = 0.4936 R² = 0.0966

Polynomial 
of 6th degree

y = 0.0023x6 – 0.1501x5 + 3.7718x4 – 
46.27x3 + 278.26x2 – 758.66x + 2,346.1

y = 1E-17x6 – 3E-12x5 + 3E-07x4 – 
0.0164x3 + 515.46x2 – 9E+06x + 6E+10

R² = 0.5012 R² = 0.1333

Potentiometric
y = 2,734.1x-0.465 y = 2E-21x5.0502

R² = 0.3348 R² = 0.0424

Table 5
 Trend models during sun glare

Data/model Annual data Monthly data
1 2 3

Exponential
y = 557.28e0.0123x y = 17,865e-1E-04x

R² = 0.2053 R² = 0.0052

Linear
y = 7.8065x + 560.32 y = -0.0295x + 2,396.6

R² = 0.2137 R² = 0.0005

Logarithmic
y = 75.638 ln(x) + 482.74 y = -1,211 ln(x) + 14,048

R² = 0.3483 R² = 0.0005

Polynomial 
of 2nd degree

y = -1.9886x2 + 51.556x + 392.61 y = -2E-05x2 + 1.3429x – 26,249
R² = 0.6176 R² = 0.0008

Polynomial 
of 3rd degree

y = -0.2308x3 + 5.6286x2 – 17.045x + 
532.77

y = 1E-07x3 – 0.0134x2 + 560.79x 
– 8E+06

R² = 0.7687 R² = 0.0264
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1 2 3

Polynomial 
of 4th degree

y = -0.016x4 + 0.4714x3 – 4.4649x2 + 
35.071x + 463.55

y = -2E-11x4 + 4E-06x3 – 0.2607x2 + 
7,443.6x – 8E+07

R² = 0.7882 R² = 0.0288

Polynomial 
of 5th degree

y = -0.0005x5 + 0.0133x4 – 0.1078x3 + 
0.4966x2 + 17.931x + 480.2

y = 1E-14x5 – 3E-09x4 + 0.0003x3 – 
10.767x2 + 226,753x – 2E+09

R² = 0.7888 R² = 0.0305

Polynomial 
of 6th degree

y = -7E-05x6 + 0.0043x5 – 0.1091x4 + 
1.3711x3 – 8.1799x2 + 39.951x + 463.28

y = 2E-17x6 – 6E-12x5 + 6E-07x4 – 
0.0342x3 + 1,069.9x2 – 2E+07x + 1E+11

R² = 0.7891 R² = 0.039

Potentiometric
y = 490.1x0.1219 y = 2E+26x-5.246

R² = 0.352 R² = 0.0054

Table 6
Trend models when it was cloudy

Data/model Annual data Monthly data

Exponential
y = 10,429e-0.025x y = 8E+07e-3E-04x

R² = 0.453 R² = 0.0994

Linear
y = -178.12x + 10,060 y = -0.5751x + 24,912

R² = 0.4164 R² = 0.164

Logarithmic
y = -900.3 ln(x) + 10,046 y = -24,466 ln(x) + 261,193

R² = 0.1847 R² = 0.1702

Polynomial 
of 2nd degree

y = -28.854x2 + 456.67x + 7,626.2 y = 0.0004x2 – 37.462x + 794,863
R² = 0.7347 R² = 0.3571

Polynomial 
of 3rd degree

y = -0.132x3 – 24.5x2 + 417.46x + 
7,706.3

y = -3E-07x3 + 0.034x2 – 1,437.2x + 
2E+07

R² = 0.7349 R² = 0.4939

Polynomial 
of 4th degree

y = 0.083x4 – 3.784x3 + 27.992x2 + 
146.42x + 8,066.3

y = 1E-10x4 – 2E-05x3 + 1.5732x2 – 
44,286x + 5E+08

R² = 0.7369 R² = 0.5726

Polynomial 
of 5th degree

y = -0.0803x5 + 4.4978x4 – 91.233x3 + 
777.04x2 – 2,441.2x + 10,581

y = -5E-14x5 + 1E-08x4 – 0.0008x3 + 
35.426x2 – 750,906x + 6E+09

R² = 0.7854 R² = 0.5874

Polynomial 
of 6th degree

y = 0.0071x6 – 0.5459x5 + 16.268x4 
– 233.48x3 + 1,611.6x2 – 4,559.2x + 

12,208
y = 4E-18x6 – 1E-12x5 + 1E-07x4 – 

0.0066x3 + 216.65x2 – 4E+06x + 3E+10

R² = 0.7949 R² = 0.5876

Potentiometric
y = 10,465x-0.13 y = 5E+62x-13.07

R² = 0.209 R² = 0.1031

cont. Table 5
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Table 7
 Trend models during high winds

Data/model Annual data Monthly data

Exponential
y = 375.22e-0.022x y = 0.0396e0.0003x

R² = 0.2222 R² = 0.1357

Linear
y = -6.626x + 380.89 y = 0.3377x – 8,288.8

R² = 0.1862 R² = 0.0229

Logarithmic
y = -41.03 ln(x) + 396.67 y = 1,4507 ln(x) – 148,530

R² = 0.124 R² = 0.0242

Polynomial 
of 2nd degree

y = -0.7757x2 + 10.438x + 315.47 y = -0.0004x2 + 33.469x – 699,845
R² = 0.2605 R² = 0.0858

Polynomial 
of 3rd degree

y = -0.0652x3 + 1.3774x2 – 8.9522x + 
355.09

y = 2E-07x3 – 0.0315x2 + 1331.9x 
– 2E+07

R² = 0.2751 R² = 0.1333

Polynomial 
of 4th degree

y = 0.0162x4 – 0.7787x3 + 11.633x2 – 
61.904x + 425.42

y = -2E-10x4 + 3E-05x3 – 2.1338x2 + 
59,853x – 6E+08

R² = 0.2994 R² = 0.1927

Polynomial 
of 5th degree

y = -0.0047x5 + 0.2752x4 – 5.9089x3 + 
55.575x2 – 213.71x + 572.92

y = 9E-14x5 – 2E-08x4 + 0.0017x3 – 
70.718x2 + 1E+06x – 1E+10

R² = 0.3533 R² = 0.2173

Polynomial 
of 6th degree

y = 0.0011x6 – 0.0748x5 + 2.0458x4 – 
27.307x3 + 181.11x2 – 532.31x + 817.74

y = 6E-17x6 – 2E-11x5 + 2E-06x4 – 
0.0919x3 + 2,858.8x2 – 5E+07x + 

3E+11
R² = 0.4232 R² = 0.2389

Potentiometric
y = 395.23x-0.134 y = 2E-51x11.77

R² = 0.1485 R² = 0.1414

In the next step, expired forecast errors were determined for the obtained 
forecasts based on equations (1-5):

•	ME – mean error

 	 ME = 1
𝑛𝑛∑(𝑌𝑌𝑖𝑖 − 𝑌𝑌𝑝𝑝)

𝑛𝑛

𝑖𝑖=1
 [-] 	 (1)

•	MAE – mean absolute error

	 MAE = 1
𝑛𝑛∑|𝑌𝑌𝑖𝑖 − 𝑌𝑌𝑝𝑝|

𝑛𝑛

𝑖𝑖=1
 [-]	  (2)
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•	MPE – mean percentage error

	 MPE = 1
𝑛𝑛∑

𝑌𝑌𝑖𝑖 − 𝑌𝑌𝑝𝑝
𝑌𝑌𝑖𝑖

𝑛𝑛

𝑖𝑖=1
 [%] 	 (3)

•	MAPE – mean absolute percentage error

	 MAPE = 1
𝑛𝑛∑

|𝑌𝑌𝑖𝑖 − 𝑌𝑌𝑝𝑝|
𝑌𝑌𝑖𝑖

𝑛𝑛

𝑖𝑖=1
 [%]	 (4)

•	MSE – mean square error

 	 MSE = 1
𝑛𝑛∑(𝑌𝑌𝑖𝑖 − 𝑌𝑌𝑝𝑝)

2
𝑛𝑛

𝑖𝑖=1
 [-]	 (5)

where:
n	 – number of information about road accidents,
Y	 – observed value of road accidents,
Yp	– forecasted value of road accidents.

To forecast the number of traffic accidents depending on the prevailing weather 
conditions, trend models were selected for which the mean percentage error and 
mean absolute percentage error were the smallest. On this basis, it was found 
that for annual data in most cases the exponential model was the best fit, while 
for good weather conditions the linear model was the best fit, and for strong 
wind conditions the power model was the best fit. For all atmospheric conditions 
analysed, the maximum MAPE error was 12.3%. However, for monthly data for 
the exponential model, which also proved to be the best, except for solar glare over 
cloudy – the linear model, the error ranged from 79% to 28794%. This is a very 
large value (Tables 8, 9). On this basis, the projected number of accidents for 
the following years was determined on a monthly and annual basis (Tab. 10, 11, 
Fig. 3, 4). Based on Table 10, 11 and Figures 3 and 4, we can expect a further 
decrease in the number of traffic accidents in the following years. Note that 
the pandemic has caused significant changes in the forecasts. As can be seen 
in Figure 4, the trend models do not take into account the seasonality present 
in traffic accidents and should not be used in the case under analysis. 
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Table 10 
Forecast number of road accidents

Specifi-
cation  Year Good weather 

conditions
Fog, 

smoke Rainfall Snowfall, 
hail

Dazzling 
sunshine Cloudy Strong 

wind

D
at

a 
fr

om
 th

e 
po

lic
e

2001 35,348 523 6,490 2,078 479 8,488 391

2002 35,503 373 6,719 1,028 536 9,000 399

2003 34,990 596 5,212 1,544 611 7,872 253

2004 32,858 445 6,037 2,102 456 8,890 281

2005 32,214 454 4,735 2,376 586 7,510 225

2006 31,755 680 4,780 1,059 591 8,372 250

2007 30,441 343 6,889 1,272 603 11,349 577

2008 31,003 466 6,524 873 695 10,931 495

2009 27,226 505 5,276 1,952 635 10,303 279

2010 23,452 371 4,878 2,017 669 8,973 292

2011 26,710 448 4,254 743 756 8,384 329

2012 23,290 460 4,354 1,323 705 8,392 290

2013 22,102 343 3,929 1,643 720 8,595 294

2014 22,268 468 4,715 399 724 7,859 320

2015 21,162 319 4,162 579 798 7,262 336

2016 20,349 315 4,969 837 762 7,931 304

2017 19,205 259 5,020 768 698 8,312 320

2018 21,055 281 3,348 730 825 6,390 236

2019 20,281 254 3,504 505 679 5,978 219

2020 15,316 244 3,309 160 522 4,815 173

2021 14,881 263 2,698 953 520 4,500 205

Fo
re

ca
st

 o
f t

he
 n

um
be

r o
f r

oa
d 

ac
ci

de
nt

s

2022 14,417 257 3,283 451 714 6,017 231

2023 13,384 247 3,176 420 718 5,868 226

2024 12,351 239 3,073 391 722 5,724 221

2025 11,318 230 2,974 364 726 5,582 216

2026 10,284 221 2,877 338 729 5,444 212

2027 9,251 213 2,784 315 732 5,310 207

2028 8,218 206 2,693 293 736 5,179 203

2029 7,185 198 2,606 273 739 5,051 198

2030 6,152 191 2,521 254 742 4,926 194

2031 5,119 184 2,439 236 745 4,805 190
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Table 11
 Forecast number of road accidents

Sp
ec

ifi
-

ca
tio

n

Data
Good 

weather 
conditions

Fog, 
smoke Rainfall Snowfall, 

hail
Dazzling 
sunshine Cloudy Strong 

wind

1 2 3 4 5 6 7 8 9

D
at

a 
fr

om
 th

e 
po

lic
e

Jan 20 20,948.00 106.00 5,500.00 425.00 712.00 473.00 8,779.00
Feb 20 18,942.00 538.00 6,506.00 407.00 765.00 68.00 8,395.00

March 20 19,695.00 161.00 3,157.00 380.00 253.00 42.00 3,876.00
Apr 20 19,268.00 33.00 397.00 492.00 12.00 9.00 1,058.00
May 20 21,893.00 28.00 3,708.00 306.00 36.00 54.00 3,568.00
Jun 20 24,470.00 15.00 5,245.00 428.00 9.00 81.00 4,489.00
Jul 20 31,116.00 13.00 2,616.00 566.00 6.00 46.00 2,970.00
Aug 20 30,353.00 33.00 4,064.00 759.00 1.00 47.00 3,114.00
Sep 20 30,408.00 23.00 5,068.00 535.00 9.00 103.00 3,825.00
Oct 20 21,091.00 68.00 8,777.00 188.00 21.00 346.00 6,737.00
Nov 20 17,216.00 67.00 4,115.00 181.00 343.00 575.00 6,997.00
Dec 20 18,709.00 272.00 4,253.00 344.00 1,649.00 1356.00 10,951.00
Jan 21 11,945.00 61.00 2,376.00 310.00 9,316.00 447.00 8,228.00
Feb 21 17,840.00 147.00 2,011.00 859.00 6,376.00 552.00 7,593.00

March 21 22,210.00 93.00 2,204.00 512.00 1,652.00 228.00 4,987.00
Apr 21 21,496.00 62.00 4,295.00 319.00 916.00 87.00 3,903.00
May 21 28,950.00 83.00 4,880.00 535.00 34.00 40.00 4,339.00
Jun 21 35,311.00 15.00 1,724.00 967.00 14.00 28.00 1,685.00
Jul 21 31,534.00 8.00 2,998.00 491.00 13.00 51.00 2,668.00
Aug 21 26,311.00 26.00 8,110.00 261.00 25.00 124.00 4,143.00
Sep 21 29,750.00 67.00 3,794.00 480.00 6.00 151.00 4,087.00
Oct 21 31,742.00 473.00 3,495.00 689.00 26.00 225.00 4,894.00
Nov 21 17,989.00 151.00 8,554.00 235.00 1,736.00 756.00 7,976.00
Dec 21 16,085.00 217.00 4,925.00 371.00 5,996.00 1,439.00 12,733.00

Fo
re

ca
st

 o
f t

he
 n

um
be

r 
of

 r
oa

d 
ac

ci
de

nt
s

Jan 22 3,654.16 219.49 591.34 3.10 2,391.26 24,807.91 0.04
Feb 22 3,654.31 219.49 591.36 3.10 2,391.23 24,807.33 0.04

March 22 3,654.45 219.48 591.38 3.10 2,391.20 24,806.76 0.04
Apr 22 3,654.60 219.48 591.41 3.10 2,391.17 24,806.18 0.04
May 22 3,654.75 219.47 591.43 3.10 2,391.14 24,805.61 0.04
Jun 22 3,654.89 219.46 591.45 3.10 2,391.11 24,805.03 0.04
Jul 22 3,655.04 219.46 591.48 3.11 2,391.08 24,804.46 0.04
Aug 22 3,655.18 219.45 591.50 3.11 2,391.05 24,803.88 0.04
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1 2 3 4 5 6 7 8 9
Sep 22 3,655.33 219.44 591.53 3.11 2,391.02 24,803.31 0.04
Oct 22 3,655.48 219.44 591.55 3.11 2,391.00 24,802.73 0.04
Nov 22 3,655.62 219.43 591.57 3.11 2,390.97 24,802.16 0.04
Dec 22 3,655.77 219.42 591.60 3.11 2,390.94 24,801.58 0.04
Jan 23 3,655.92 219.42 591.62 3.11 2,390.91 24,801.01 0.04
Feb 23 3,656.06 219.41 591.64 3.11 2,390.88 24,800.43 0.04

March 23 3,656.21 219.40 591.67 3.11 2,390.85 24,799.86 0.04
Apr 23 3,656.35 219.40 591.69 3.11 2,390.82 24,799.28 0.04
May 23 3,656.50 219.39 591.71 3.11 2,390.79 24,798.71 0.04
Jun 23 3,656.65 219.38 591.74 3.11 2,390.76 24,798.13 0.04
Jul 23 3,656.79 219.38 591.76 3.11 2,390.73 24,797.56 0.04
Aug 23 3,656.94 219.37 591.79 3.11 2,390.70 24,796.98 0.04
Sep 23 3,657.09 219.36 591.81 3.11 2,390.67 24,796.40 0.04
Oct 23 3,657.23 219.36 591.83 3.11 2,390.64 24,795.83 0.04
Nov 23 3,657.38 219.35 591.86 3.11 2,390.61 24,795.25 0.04
Dec 23 3,657.52 219.34 591.88 3.11 2,390.58 24,794.68 0.04

Fig. 3. Forecasted number of road accidents for 2022-2031

cont. Table 11
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Fig. 4. Forecasted number of road accidents for 2022-2023

Conclusions

Forecasts of the number of accidents in Poland for the analysed weather 
conditions were determined by selected trend models using Excel. The results show 
that we can still expect a decrease in the number of traffic accidents in the coming 
years. It should be noted that the pandemic has skewed the results obtained, and 
if it continues and traffic restrictions are imposed, the proposed model may not 
be adequate. The average value of the MAPE for the cases analyzed was 3%, for 
annual data, may indicate the choice of an effective forecasting method. As can 
be seen, trend models fail for forecasting the monthly number of traffic accidents, 
where there is seasonality. In contrast, for annual data, the results are at a high 
level. The advantage of trend models is the speed of determining the forecast.

The forecast of the number of traffic accidents obtained in the article, can 
be used in the future to formulate further measures to minimize the number 
of accidents in the analysed country. These measures may include, for example, 
the introduction of higher fines for traffic offenses on Polish roads from 
January 1, 2022. 

In his further research, the author plans to take into account more factors 
influencing accident rates in Poland and apply other methods of forecasting the 
number of road accidents. We can include traffic volume, day of the week or age 
of the accident perpetrator, among others.
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