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Abstract: This article presents a developed information-based approach for analyzing the factors contributing 

to pedestrian road traffic accidents (RTAs) through the application of advanced machine learning methods. 

The approach encompasses the identification and classification of key risk factors, the structuring of linguistic 

variables, and the quantitative assessment of their impact on risk. Machine learning algorithms are employed 

to model complex dependencies, alongside statistical and regression analyses to explore the causal 

relationships among the components of the transportation system-driver, vehicle, road, and environment. At 

the core of this approach lies the systematic utilization of empirical data and expert evaluations, enabling 

accurate risk predictions and assessments. The developed methodology facilitates integrated safety 

management and the creation of effective preventive strategies. 

Keywords: machine learning; road traffic accidents; risk factors; transportation system; linguistic variables; risk 

assessment 

 

1. Introduction 

Statistical data from recent years reveal a persistent trend of increasing pedestrian road traffic 

accidents (RTAs). This trend emphasizes their significance compared to other types of traffic accidents 

and necessitates focused attention. Particularly concerning is the fact that pedestrian accidents often 

result in severe injuries or fatalities, making them a critical area for research and prevention. 

Addressing this issue requires an in-depth investigation of the factors determining the occurrence of 

such accidents. 

An effective solution demands a systematic approach that includes risk assessment and analysis 

of the relative impact of key factors associated with pedestrian RTAs [1–4]. This approach should 

encompass the interaction between the main components of the transportation system-driver, 

vehicle, road, and environment [5]. 

The transportation system (Figure 1) represents a complex network of processes occurring 

among its interconnected components, aimed at ensuring efficient, safe, and sustainable movement 

of people and goods. The dynamic nature of this system significantly influences the characteristics of 

each of its components. 

A) “Driver” 

The driver is a key entity within the transportation system, bearing primary responsibility for 

operating the vehicle and making critical real-time decisions [6,7]. Driver behavior is influenced by a 

combination of professional skills and psychophysiological characteristics, such as perception, 

cognition, attention, willpower, reasoning, reaction speed, fatigue levels, and others. While driving, 

the driver processes a large volume of information, including: 

- The dynamic characteristics and operational state of the vehicle being operated; 

- The condition of road infrastructure and environmental factors. 

These factors highlight the significant role of the driver within the transportation system and 

emphasize their impact on traffic safety. Consequently, analyzing driver behavior and their 

interactions with other system components is crucial for developing effective measures to enhance 

transportation safety [8]. 
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Figure 1. Transportation system: driver, vehicle, road, and environment. 

B) “Vehicle” 

The vehicle is a key technical component of the transportation system, whose characteristics and 

the condition of its core systems directly influence its capability for safe road operation. The braking 

system ensures reliable and prompt stopping when necessary, the steering system provides stability 

and precision in control, and the lighting system enhances visibility, particularly in low-light 

conditions or adverse weather. 

C) “Road and Environment” 

Road infrastructure, including pavement, road geometry, markings, and more, combined with 

environmental factors (such as weather conditions, lighting, traffic, etc.), play a critical role in shaping 

the circumstances surrounding road traffic accidents. These conditions are dynamic and require 

adaptation by both the driver and the vehicle. 

The close interconnection between all components of the system underscores the necessity for a 

comprehensive approach in developing preventive measures. 

The integration of modern information-based approaches can provide an in-depth analysis of 

the complex interactions and causal relationships in accidents [9]. Deep learning methods used in 

intelligent transportation systems have already demonstrated effectiveness in real-time pedestrian 

detection and tracking, as shown in [10]. Identifying and evaluating critical risk factors forms the 

foundation for developing innovative and effective prevention strategies tailored to the specific 

conditions of the transportation system. 

The objective of this study is to develop and implement an information-based approach, 

leveraging machine learning methods, to investigate and analyze the factors contributing to the 

occurrence of pedestrian road traffic accidents. 

The main aspects of the study include: 

- Identifying critical risk factors related to driver behavior, the technical condition of the vehicle, 

road infrastructure characteristics, and dynamic environmental conditions [11]. 

- Analyzing the interactions between the components of the transportation system to establish 

causal relationships [12]. 

- Applying machine learning algorithms to model complex dependencies and predict the risk of 

incidents [13,14]. Machine learning algorithms, such as Gradient Boosting Machine, are powerful 

tools for modeling complex relationships and forecasting incident risk (see, e.g., [15]). These methods 

enable the identification of nonlinear connections among multiple factors and provide high accuracy 

in risk assessment. 

2. Methodology 
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In the event of a traffic incident involving a vehicle and a pedestrian, the evaluation of its causes 

is based on factors such as the actual speed of the vehicle's center of mass. This speed is determined 

by considering the influence of road conditions, weather factors, and the vehicle's technical 

parameters. Additionally, the position of the vehicle relative to the point of impact at the moment the 

hazard occurs is assessed during this process. 

The concept of the moment of hazard occurrence, although subjectively determined, is a key 

factor in legal practice when evaluating road traffic accidents. It serves as a foundational concept for 

analyzing the circumstances surrounding the traffic incident and determining the degree of the 

driver's responsibility. Within the framework of legal analysis, the moment of hazard occurrence 

plays a critical role in establishing the driver's obligation to take timely actions to stop and maintain 

full control of the vehicle. 

This moment serves as a reference point for assessing the driver's behavior and their ability to 

prevent the accident, provided the hazard was perceived in time. Analyzing the perception of the 

hazard and the actions taken is essential for an objective evaluation of the traffic incident. It forms the 

basis for conclusions regarding causal relationships and the possibilities for preventing the accident. 

Based on the outlined reference point, two key aspects can be distinguished regarding the 

preventability of the event and the degree of risk associated with its occurrence: 

- Perception of the hazard at the moment of its occurrence: 

This scenario assumes that the driver perceives the hazard in a timely manner and has the 

opportunity to take adequate measures to avoid the incident, such as braking or performing a 

maneuver. 

- Delayed perception of the hazard: 

In this case, the driver’s reaction time is limited, significantly reducing the likelihood of 

successfully preventing the event. 

At the core of this study lies the relationship concerning the moment of the driver’s actual 

perception of the hazard: 

𝐿 = (𝑡𝑝 + 𝑡𝑐𝑝 + 0,5. 𝑡𝑛). 𝑉 +
𝑉2 − 𝑉𝑦

2

2. 𝑗
 (1) 

where: 

𝑡𝑝 is the driver’s reaction time; 

𝑡𝑐𝑝 is the activation time of the vehicle’s braking system; 

𝑡𝑛  is the time for deceleration to increase from 0 to its maximum; 

𝑉 is the actual velocity of the vehicle's center of mass; 

𝑉𝑦 is the velocity of the vehicle's center of mass at the moment of impact. 

𝑗 =  𝜇. 𝑔  represents the negative acceleration of the vehicle when the braking system is 

effectively engaged, where 𝜇 is the coefficient of friction and 𝑔 is the acceleration due to gravity. 

𝐿1 = 𝐿 + (𝑇1 − 𝑇𝑜). 𝑉 (2) 

where:  

𝐿 is the distance the vehicle travels before the driver actually perceives the hazard; 

𝑇1 is the time taken by the pedestrian to move from the moment of hazard occurrence to the 

point of impact; 

𝑇𝑜 is the time taken by the vehicle to move to the point of impact; 

𝑉 is the actual speed of the vehicle. 

The defined distance of the vehicle at the moment of hazard occurrence, 𝐿1 is compared to the 

total stopping distance of the vehicle, calculated as: 

𝑠𝑜 = (𝑡𝑝 + 𝑡𝑐𝑝 + 0,5. 𝑡𝑛). 𝑉 +
𝑉2

2. 𝑗
 (3) 

The comparison between the two distances 𝐿1 and 𝑠𝑜 indicates the driver’s ability to prevent 

the occurrence of a traffic incident if the hazard is perceived in a timely manner. 
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The second key aspect in analyzing the preventability of the event is the evaluation of 

circumstances at the normalized speed, i.e., the maximum allowable speed for the specific road 

section, if it is higher than the vehicle’s actual speed. 

The comparison between the two distances 𝐿1 and 𝑠𝑜 indicates the driver’s ability to prevent 

the occurrence of a traffic incident if the hazard is perceived in a timely manner. 

The second key aspect in analyzing the preventability of the event is the evaluation of 

circumstances at the normalized speed, i.e., the maximum allowable speed for the specific road 

section, if it is higher than the vehicle’s actual speed. 

In legal proceedings, the judiciary determines the degree of punishment based on a 

comprehensive assessment of the components of the transportation system, including the actions of 

the driver and the pedestrian. This evaluation involves comparing the specific circumstances and 

behavior of the participants with the established requirements for safe and responsible road conduct. 

In this way, objectivity and fairness are ensured in the process of determining responsibility and 

penalties. 

2.1. Analysis of Court Decisions and Structuring Linguistic Variables for Risk Assessment 

Based on an in-depth analysis of numerous court decisions related to pedestrian road traffic 

accidents (RTAs), 31 linguistic variables have been identified. These variables reflect measurable or 

qualitative characteristics of the individual components of the transportation system that influence 

the risk of a pedestrian-related traffic incident. 

For each variable, a set of terms has been defined, ranging from two to thirteen. These terms are 

arranged in ascending order based on the level of risk associated with the respective variable. The 

research also highlights the importance of unpredictable heterogeneity in the analysis of 

transportation systems [16]. 

The quantitative risk assessment is expressed as percentage values, ranging from 10% to 90%. 

The determination of the terms is based on expert judgment and the systematization of data derived 

from technical expert analysis of RTAs involving pedestrians. 

The structure of the transportation system is illustrated in the diagram (Figure 2), with each 

component linked to the corresponding linguistic variables that define it. 

The "Driver" component is defined by 15 linguistic variables, as indicated in the diagram: 

1.1 Current speed 

1.2 Maneuver 

1.3 Alcohol and drug use by the driver 

1.4 Driver experience 

1.5 Hazard occurrence 

1.6 Pedestrian behavior 

1.7 Hazard perception 

1.8 Applied braking 

1.9 Pedestrian age 

1.10 Movement trajectory 

1.11 Alcohol and drug use by the pedestrian 

1.12 Distance comparability at current speed 

1.13 Danger zone for stopping at current speed is less than the distance to the point of impact 

1.14 Distance comparability at normalized speed 

1.15 Danger zone for stopping at normalized speed is less than the distance to the point of 

impact. 
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Figure 2. Diagram of the system: driver, vehicle, road, and environment. 

The "Driver" component occupies a central position in the transportation system, as human 

decisions, reactions, and physical and mental states significantly influence the risk of road traffic 

accidents. The linguistic variables associated with this component reflect key characteristics that 

determine the driver's behavior and their interaction with the other components of the system. 

The "Vehicle" component is defined by 5 linguistic variables, as indicated in the diagram: 

2.1 Vehicle type 

2.2 Safety systems 

2.3 Lighting system – control 

2.4 Lighting system – type of lights 

2.5 Technical condition 

These linguistic variables reflect the technical and functional characteristics of the vehicle, which 

influence its behavior within the transportation system. They directly affect the likelihood of a road 

traffic accident, emphasizing their importance in the analysis and modeling of the risk of accident 

occurrence. 

The "Road" component is defined by 10 linguistic variables as follows: 

3.1 Condition of the road surface 

3.2 Type of road surface 

3.3 Traffic 

3.4 Road profile plan 

3.5 Location of the accident 

3.6 Lane width 

3.7 Road conditions 

3.8 Road lighting conditions 

3.9 Road regulation conditions 

3.10 Road classification 

The "Environment" component is defined by one linguistic variable: 4.1 Weather conditions. 

The total number of combinations between the terms of the linguistic variables is calculated 

using the following formula: 

𝑁 = ∏ 𝑛𝑖

𝑘

𝑖=1

 (4) 

where: 

𝑁 is the total number of combinations; 

𝑘 is the total number of linguistic variables; 
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𝑛𝑖 is the number of terms for the 𝑖- th linguistic variable. 

The output variable, characterizing the degree of risk, can be defined as the "Integrated Safety 

Assessment," which is calculated based on weight coefficients and the degree of membership of each 

variable. This methodology enables detailed modeling and quantitative evaluation of the impact on 

all aspects of safety within the complex "driver–vehicle–road–environment" system. 

The optimal distribution of weights among the system components has been determined as 70% 

- 10% - 20%, reflecting their relative influence most accurately. 

2.2. Methodology for Risk Analysis 

Based The process of risk investigation and assessment is carried out through the following 

sequential steps: 

1. Collection of empirical data: 

Data is extracted from completed legal proceedings related to road traffic accidents involving 

pedestrians. This includes digitized information on all relevant linguistic variables. Systematic 

analysis of large datasets, such as CICIDS2017, demonstrates how machine learning can be utilized 

to design effective anomaly detection systems. Such approaches, including the handling of 

imbalanced data, are discussed in [17,18]. 

A matrix with a dimension of |𝐴𝑖|, is constructed, where 𝑖 represents the number of analyzed 

linguistic variables. Machine learning plays a key role in processing and analyzing large datasets, 

including structuring data for predictive models. Applications of machine learning for similar 

analyses are discussed in [19,20]. Systematic analysis of datasets, such as CICIDS2017, also 

demonstrates the effectiveness of machine learning in identifying significant factors and structuring 

data for predictive models [21,22]. 

2. Identification and Classification of Variables: 

An analysis of the weight of each variable is performed using an expert-based approach to 

evaluate their maximum potential influence. Multi-objective algorithms, such as those proposed in 

[23], can be adapted for risk assessment. Random forests also represent an effective approach for the 

classification and identification of key factors [24]. 

A correlation analysis is applied to establish the relationship between the variables and the 

frequency or severity of road traffic incidents. 

3. Regression Analysis: 

A statistical regression analysis is conducted to identify the significance of the relationships 

between the linguistic variables and the quantitative risk assessment. 

The results provide quantitative influence coefficients for each variable. Neural networks can 

also identify significant factors, as demonstrated in [25]. 

4. Expert Evaluation: 

Based on accumulated expert experience, an assessment is performed to evaluate the influence 

of each variable on the integrated risk assessment. 

5. Sensitivity Analysis: 

A sensitivity analysis is conducted to examine the impact of variations in variable values on the 

likelihood of a road traffic accident. Fuzzy neural networks offer advanced methods for sensitivity 

analysis and predicting interactions between variables, as demonstrated in [26]. 

6. Final Risk Assessment: 

By aggregating the data from the previous stages, the percentage influence of each variable is 

calculated, with the total influence normalized to 100%. 

Role of Linguistic Variables: The linguistic variables are structured to provide a precise and 

objective risk assessment. They encompass 31 key aspects of the transportation system, including 

"driver," "vehicle," "road," and "environment." Each term defined in the context of the linguistic 

variables reflects a specific state, classified by severity level corresponding to the risk of the analyzed 

type of road traffic accident. 
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The combinations of terms for the linguistic variables form a vector of 31 elements, which serves 

as the basis for the quantitative risk analysis. This structure enables the investigation of both the 

individual influence of each component and their combined impact on the overall safety level. 

The methodology provides the capability to model complex dependencies and identify critical 

factors for improving safety within the transportation system. 

2.3. Mathematical Dependencies for Calculating Shares and Total Share 

2.3.1. Parameters: 

Weights W = {ω1, ω2, … … , ωN} 

• Represent numerical values characterizing the relative influence of individual elements in the 

sequence. 

• Each weight 𝜔𝑖 determines the individual contribution of the corresponding element to the 

total share. 

• The weights are used for proportional distribution and quantitative analysis. 

Target Value for Group 𝑇𝑘: 

• A percentage value indicating the share allocated to a specific group 𝑘.  

• This value is critical for optimizing the distribution among different groups. 

Total Weight of Group 𝑊𝑘,𝑡𝑜𝑡𝑎𝑙: 

• Represents the maximum possible sum of the weights of the elements in group 𝑘. This means 

that all elements belonging to group 𝑘, have a cumulative weight that cannot exceed the 

specified maximum value. 

Total Weight in the Sequence 𝑊𝑡𝑜𝑡𝑎𝑙: 

• The sum of the weights of all elements in the sequence. This parameter represents the global 

value of the weights and is used for calculating proportional distribution across different 

groups. 

2.3.2. Formulas for Calculation 

Proportional Share of an Element in a Group: 

The formula for calculating the individual share 𝑆𝑖,𝑘 of an element 𝜔𝑖 in group 𝑘 is: 

𝑆𝑖,𝑘 =
𝜔𝑖

∑ 𝜔𝑗𝑗𝜖𝑘
. 𝑇𝑘 (5) 

where: 

𝑆𝑖,𝑘 is the proportional share of the 𝑖-th element in group 𝑘; 

∑ 𝜔𝑗𝑗𝜖𝑘  is the sum of the weights of all elements in group 𝑘; 

𝑇𝑘 is the target value for group 𝑘. 

This formula determines how the target percentage 𝑇𝑘  for the group is distributed 

proportionally among the elements based on their individual weights. Each element 𝜔𝑖 receives a 

share of 𝑇𝑘, that corresponds to its weight relative to the other elements in the group. This ensures a 

fair distribution of resources or values among the elements within the group. 

Sum of Shares in the Group 

The sum of the shares for all elements in group 𝑘 is calculated as: 

𝑆𝑘 = ∑ 𝑆𝑖,𝑘

𝑖𝜖𝑘

 (6) 

where: 
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𝑆𝑘 is the sum of the shares for group 𝑘, representing the total of all individual shares 𝑆𝑖,𝑘. This 

sum ensures that the distribution of shares within group 𝑘 is proportional to the target percentage 

𝑇𝑘. 

Total Share for All Groups 

The total share for the sequence 𝑆𝑡𝑜𝑡𝑎𝑙 is calculated as: 

𝑆𝑡𝑜𝑡𝑎𝑙 = ∑ 𝑆𝑘

𝑘

 (7) 

where:  

𝑆𝑡𝑜𝑡𝑎𝑙 is the total share for all groups 𝑘; 

∑ 𝑆𝑘𝑘  represents the sum of all 𝑆𝑘, where 𝑆𝑘 is the sum of shares in group 𝑘 (as defined in the 

previous section 2.2). 

This formula aggregates the share values for all groups and serves to verify the consistency of 

the distribution within the sequence or as the final value for the analysis. 

3. Results 

In the analysis of a specific road incident and the expert assessment for selecting a specific term 

within a linguistic variable, the resulting data vector is determined. 

In the first data group, there is a combination of the term numbers within the linguistic variables: 

𝐴1 = [0,1,0,0,4,0,0,0,2,1,0,10,0,1,2,0,1,0,0,1,6,3,3,0,1,0,0,0,0,0,0] (8) 

In the term number vector, the first 11 indicators characterize the "road" component, the next 5 

indicators characterize the "vehicle" component, and the remaining 15 indicators characterize the 

"driver" component. 

The specified term, ordered in ascending sequence according to the hazard assessment for the 

driver, defines the vector of linguistic variables. This vector is composed of the percentage values of 

the weighted units, as follows: 

𝐴1 = [10,20,30,10,30,10,30,10,60,40,10,75,20,80,70,10, 

40,10,20,30,70,50,60,50,20,10,30,60,60,60,60] 
(9) 

The first pie chart in Figure 3a reflects the weight levels for the "road" and "vehicle" components, 

with a risk level of 75% up to 40 units, 12.5% from 40 to 70 units, and 12.5% above 70 units. 

  

(a) (b) 

Figure 3. Pie chart of weighted units up to 38.86% for the "road-vehicle" and "driver" components: (a) Levels of 

weights for the elements "road" and "vehicle"; (b) Driver's behavior. 

The second pie chart in Figure 3b illustrates driver behavior, showing a risk level of 46.7% up to 

40 units, 53% from 40 to 70 units, and no data for a risk level above 70 units. 
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The relative share in the 70-10-20 distribution is 4.364% for the "road" component, 5.100% for the 

"vehicle" component, and 29.400% for the "driver" component, all contributing to 100%. The total 

weighted unit for the assessment of the given case is 38.86%. 

Thus, the first data group is formed with a risk level of up to 40%, used to evaluate driver 

behavior. 

Based on the results obtained, it can be concluded that the quantitative indicators of the terms 

in the vector defining high risk are minimal. This indicates a high degree of responsibility in the 

driver's behavior toward the road situation, manifested in the timely undertaking of adequate actions 

upon hazard occurrence. 

The second data group is formed by the combination of term numbers within the linguistic 

variables: 

𝐴2 = [1,1,0,0,10,0,0,0,2,4,0,7,0,1,2,0,0,0,0,1,6,1,6,1,1,2,0,2,1,2,1] (10) 

Each linguistic variable is assigned a risk level according to the selected terms, as follows: 

𝐴2 = [20,20,30,10,90,10,10,10,60,70,10,60,20,80,70,10, 

10,10,20,30,70,30,90,70,20,50,30,80,70,80,70] 
(11) 

The first pie chart in Figure 4a reflects the weight levels for the "road" and "vehicle" components, 

showing a risk level of 62.5% up to 40 units, 25% from 40 to 70 units, and 12.5% above 70 units. 

The second pie chart in Figure 4b illustrates driver behavior, showing a risk level of 46.7% up to 

40 units, 33.3% from 40 to 70 units, and 20% above 70 units. 

The relative share in the 70-10-20 distribution is 6.182% for the "road" component, 4.800% for the 

"vehicle" component, and 34.067% for the "driver" component, all contributing to 100%. The total 

weighted unit for the assessment of the given case is 45.05%. 

  

(a) (b) 

Figure 4. Pie chart of weighted units up to 45.05% for the "road-vehicle" and "driver" components: (a) Levels of 

weights for the elements "road" and "vehicle"; (b) Driver's behavior. 

Thus, the second data group is formed, with a risk level ranging from 40.01% to 46.00%, used to 

evaluate driver behavior. 

The analysis of the presented data indicates that the quantitative indicators of the terms in the 

vector defining high risk remain relatively low, despite slightly increased values compared to the 

previous case. This reflects significant responsibility in the driver’s behavior, characterized by 

adequate and timely responses to emerging hazards. 

The distribution of weights shows that the risk level up to 40 units remains dominant for the 

"road" and "vehicle" components, while the share of the driver at a high-risk level (above 70 units) 

has increased to 20%, highlighting the need for more proactive management of risk factors in this 

category. The total weighted unit of 45.05% further supports the necessity of focusing on actions 

aimed at improving risk management in the road environment. 
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The third data group is formed by the combination of term numbers within the linguistic 

variables: 

𝐴3 = [3,1,1,2,4,2,1,3,4,4,2,7,0,1,1,0,1,0,0,1,4,4,2,0,1,2,0,2,2,2] (12) 

Each linguistic variable is assigned a risk level according to the selected terms, as follows: 

𝐴3 = [40,20,70,25,30,30,20,80,80,70,30,60,20,80,40,10, 

40,10,20,30,50,60,50,50,20,50,30,80,80,80,80] 
(13) 

The first pie chart in Figure 5a reflects the weight levels for the "road" and "vehicle" components, 

showing a risk level of 62.5% up to 40 units, 18.8% from 40 to 70 units, and 18.8% above 70 units. 

The second pie chart in Figure 5b illustrates driver behavior, showing a risk level of 40% up to 

40 units, 33.3% from 40 to 70 units, and 26.7% above 70 units. 

The relative share in the 70-10-20 distribution is 9.000% for the "road" component, 4.200% for the 

"vehicle" component, and 34.067% for the "driver" component, all contributing to 100%. The total 

weighted unit for the assessment of the given case is 47.27%. 

  

(a) (b) 

Figure 5. Pie chart of weighted units up to 47.27% for the "road-vehicle" and "driver" components: (a) Levels of 

weights for the elements "road" and "vehicle"; (b) Driver's behavior. 

Thus, the third data group is formed, with a risk level ranging from 46.01% to 48.00%, used to 

evaluate driver behavior. 

The presented data show a slight increase in risk at levels above 70 units, particularly concerning 

driver behavior, where the share reaches 26.7%. This highlights a trend toward greater driver 

responsibility in managing risks under complex road conditions. At the same time, the weights for 

the "road" and "vehicle" components remain relatively stable, with the risk level up to 40 units 

dominating at 62.5%, indicating predominant safety at lower risk levels. 

The relative share of the "road" component (9.000%) and the "vehicle" component (4.200%) in the 

70-10-20 distribution indicates that the primary risk factors are associated with the interaction of these 

elements. However, the dominant share of the driver (34.067%) continues to reflect the critical role of 

the human factor in risk management. 

The total weighted unit of 47.27% emphasizes the growing importance of integrated risk 

management approaches, which include not only technical improvements to road infrastructure and 

vehicles but also measures to enhance driver awareness and skills. 

The fourth data group is formed by the combination of term numbers within the linguistic 

variables: 

𝐴4 = [0,4,1,2,4,4,1,0,4,5,0,7,0,1,2,0,0,6,0,1,2,5,6,1,3,0,1,3,0,3,0] (14) 

Each linguistic variable is assigned a risk level according to the selected terms, as follows: 
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𝐴4 = [10,60,70,25,30,50,20,10,80,80,10,60,20,80,70,10, 

10,45,20,30,30,65,90,70,60,10,50,90,60,90,60] 
(15) 

The first pie chart in Figure 6a reflects the weight levels for the "road" and "vehicle" components, 

showing a risk level of 50.00% up to 40 units, 31.3% from 40 to 70 units, and 18.8% above 70 units. 

The second pie chart in Figure 6b illustrates driver behavior, showing a risk level of 33.3% up to 

40 units, 46.7% from 40 to 70 units, and 20.0% above 70 units. 

The relative share in the 70-10-20 distribution is 8.091% for the "road" component, 4.800% for the 

"vehicle" component, and 36.400% for the "driver" component, all contributing to 100%. The total 

weighted unit for the assessment of the given case is 49.29%. 

  

(a) (b) 

Figure 6. Pie chart of weighted units up to 49.29% for the "road-vehicle" and "driver" components: (a) Levels of 

weights for the elements "road" and "vehicle"; (b) Driver's behavior. 

Thus, the fourth data group is formed, with a risk level ranging from 48.01% to 50.00%, used to 

evaluate driver behavior. 

The analysis reveals a notable redistribution of risk levels. For the "road" and "vehicle" 

components, the risk up to 40 units decreases to 50.00%, while the range from 40 to 70 units increases 

to 31.3%. This indicates an increase in medium-level risk, which may result from more complex road 

conditions or technical challenges. 

In analyzing driver behavior, the share of risk up to 40 units decreases to 33.3%, while the risk 

in the range of 40 to 70 units rises significantly to 46.7%. The risk above 70 units remains stable at 

20.0%, indicating relatively good management of extreme risks but highlighting the need for 

increased attention to the medium-risk categories, where the risk is highest. 

The relative share in the 70-10-20 distribution highlights the dominant influence of the driver 

(36.400%), clearly confirming the central role of the human factor in risk management. The share of 

the "road" component (8.091%) and the "vehicle" component (4.800%) remains stable, but the 

emphasis on the driver calls for enhanced training and awareness measures in more complex road 

conditions. 

The fifth data group is formed by the combination of term numbers within the linguistic 

variables: 

𝐴5 = [0,1,1,0,10,0,0,3,4,1,0,7,0,1,2,0,0,0,3,0,4,4,4,1,1,2,3,0,2,0,2] (16) 

Each linguistic variable is assigned a risk level according to the selected terms, as follows: 

𝐴5 = [10,20,70,10,90,10,10,80,80,40,10,60,20,80,70,10, 

10,10,90,20,50,60,70,70,20,50,90,60,80,60,80] 
(17) 
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The first pie chart in Figure 7a reflects the weight levels for the "road" and "vehicle" components, 

showing a risk level of 56.3% up to 40 units, 18.8% from 40 to 70 units, and 25.0% above 70 units. 

The second pie chart in Figure 7b illustrates driver behavior, showing a risk level of 26.7% up to 

40 units, 46.7% from 40 to 70 units, and 26.7% above 70 units. 

The relative share in the 70-10-20 distribution is 7.818% for the "road" component, 4.200% for the 

"vehicle" component, and 38.267% for the "driver" component, all contributing to 100%. The total 

weighted unit for the assessment of the given case is 50.88%. 

  

(a) (b) 

Figure 7. Pie chart of weighted units up to 50.88% for the "road-vehicle" and "driver" components: (a) Levels of 

weights for the elements "road" and "vehicle"; (b) Driver's behavior. 

Thus, the fifth data group is formed, with a risk level ranging from 50.01% to 52.00%, used to 

evaluate driver behavior. 

The data indicate an increase in risk at higher levels, particularly for the "road" and "vehicle" 

components, where the share of risk above 70 units reaches 25.0%. At the same time, the share of risk 

up to 40 units decreases to 56.3%, indicating that a larger portion of risks is shifting toward medium 

and high levels. 

Driver behavior exhibits significant risk in the medium range (40 to 70 units) at 46.7% and at the 

highest level above 70 units at 26.7%. These results emphasize the need for focused attention on 

drivers' reactions under medium and high-risk conditions. 

The relative share of the "road" component (7.818%) and the "vehicle" component (4.200%) in the 

70-10-20 distribution remains stable, while the driver's share (38.267%) dominates significantly. This 

clearly highlights the critical role of the human factor in risk management. 

The total weighted unit for the assessment (50.88%) marks the highest value compared to 

previous cases, indicating increasing complexity in risk evaluation. An integrated management 

approach is required, including infrastructure improvements, vehicle enhancements, and measures 

to raise driver awareness and skills, to mitigate risk in higher categories. 

The sixth data group is formed by the combination of term numbers within the linguistic 

variables: 

𝐴6 = [0,1,1,0,4,0,0,0,4,1,0,7,0,1,2,0,4,10,0,2,7,8,3,0,3,3,0,0,1,0,1] (18) 

Each linguistic variable is assigned a risk level according to the selected terms, as follows: 

𝐴6 = [10,20,70,10,30,10,10,10,80,40,10,60,20,80,70,10, 

70,80,20,60,80,90,60,50,60,70,30,60,70,60,70] 
(19) 

The first pie chart in Figure 8a reflects the weight levels for the "road" and "vehicle" components, 

showing a risk level of 68.8% up to 40 units, 18.8% from 40 to 70 units, and 12.5% above 70 units. 
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The second pie chart in Figure 8b illustrates driver behavior, showing a risk level of 13.3% up to 

40 units, 66.7% from 40 to 70 units, and 20.0% above 70 units. 

The relative share in the 70-10-20 distribution is 5.455% for the "road" component, 4.800% for the 

"vehicle" component, and 43.400% for the "driver" component, all contributing to 100%. The total 

weighted unit for the assessment of the given case is 53.65%. 

  

(a) (b) 

Figure 8. Pie chart of weighted units up to 53.65% for the "road-vehicle" and "driver" components: (a) Levels of 

weights for the elements "road" and "vehicle"; (b) Driver's behavior. 

Thus, the sixth data group is formed, with a risk level ranging from 52.01% to 54.00%, used to 

evaluate driver behavior. 

The data analysis highlights differences in the distribution of risk levels for the "road" and 

"vehicle" components compared to driver behavior. For "road" and "vehicle," the risk up to 40 units 

dominates at 68.8%, indicating relatively safe conditions at this level. Meanwhile, the share for the 

range of 40 to 70 units is 18.8%, and the risk above 70 units remains low at 12.5%. 

An opposite trend is observed in driver behavior, where the risk up to 40 units is only 13.3%. 

The main risk is concentrated in the range of 40 to 70 units (66.7%), while the risk above 70 units is 

significant at 20.0%. This indicates that drivers face greater challenges at medium and high-risk levels. 

The relative share of the "road" component (5.455%) and the "vehicle" component (4.800%) in the 

70-10-20 distribution remains low, while the driver's share (43.400%) is significantly higher. This 

clearly emphasizes the leading role of the human factor in risk management, with the driver's actions 

being key to reducing risk. 

The total weighted unit for the assessment (53.65%) is the highest among the analyzed cases, 

indicating increased complexity of risk factors. To improve safety, an integrated approach is required, 

including enhancements in infrastructure, vehicle technical features, and especially measures to 

improve driver skills and awareness. 

The seventh data group is formed by the combination of term numbers within the linguistic 

variables: 

𝐴7 = [0,1,1,0,4,3,1,1,4,4,0,7,0,1,2,0,2,12,3,1,1,5,6,1,1,0,3,2,1,2,1] (20) 

Each linguistic variable is assigned a risk level according to the selected terms, as follows: 

𝐴7 = [10,20,70,10,30,40,20,40,80,70,10,60,20,80,70,10, 

50,90,90,30,20,65,90,70,20,10,90,80,70,80,70] 
(21) 

The first pie chart in Figure 9a reflects the weight levels for the "road" and "vehicle" components, 

showing a risk level of 62.5% up to 40 units, 25.0% from 40 to 70 units, and 12.5% above 70 units. 

The second pie chart in Figure 9b illustrates driver behavior, showing a risk level of 26.7% up to 

40 units, 33.3% from 40 to 70 units, and 40.0% above 70 units. 
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The relative share in the 70-10-20 distribution is 7.273% for the "road" component, 4.800% for the 

"vehicle" component, and 43.167% for the "driver" component, all contributing to 100%. The total 

weighted unit for the assessment of the given case is 55.24%. 

  

(a) (b) 

Figure 9. Pie chart of weighted units up to 55.24% for the "road-vehicle" and "driver" components: (a) Levels of 

weights for the elements "road" and "vehicle"; (b) Driver's behavior. 

Thus, the seventh data group is formed, with a risk level ranging from 54.01% to 56.00%, used 

to evaluate driver behavior. 

The data reveal a significant redistribution of risks between the "road" and "vehicle" components 

and driver behavior. For the "road" and "vehicle" components, the risk up to 40 units is predominant 

at 62.5%, while it is 25.0% for the range of 40 to 70 units and 12.5% above 70 units. This indicates that 

road conditions and vehicle technical characteristics contribute minimally to high risk. 

In contrast, driver behavior shows a substantial increase in risk at the highest level-40.0% for 

risks above 70 units. The share of risk in the range of 40 to 70 units is also significant at 33.3%, while 

the risk up to 40 units is only 26.7%. This dynamic emphasizes the critical role of the human factor in 

managing high-risk situations. 

The relative share of the "road" component (7.273%) and the "vehicle" component (4.800%) 

remains relatively low, while the driver's share (43.167%) is dominant, clearly demonstrating that 

driver behavior is the primary factor in risk management. 

The total weighted unit for the assessment (55.24%) is the highest among the analyzed cases, 

indicating increasing complexity of risks. This highlights an urgent need to implement targeted 

measures for driver training and awareness, as well as the integration of decision-support 

technologies for high-risk situations. 

The eighth data group is formed by the combination of term numbers within the linguistic 

variables: 

𝐴8 = [0,1,1,1,10,3,0,0,4,4,0,9,1,1,2,0,0,0,3,0,7,8,6,2,4,2,0,2,1,2,1] (22) 

Each linguistic variable is assigned a risk level according to the selected terms, as follows: 

𝐴8 = [10,20,70,20,90,40,10,10,80,70,10,70,80,80,70,10, 

10,10,90,20,80,90,90,90,90,50,30,80,70,80,70] 
(23) 

The first pie chart in Figure 10a reflects the weight levels for the "road" and "vehicle" components, 

showing a risk level of 50.0% up to 40 units, 25.0% from 40 to 70 units, and 25.0% above 70 units. 

The second pie chart in Figure 10b illustrates driver behavior, showing a risk level of 26.7% up 

to 40 units, 20.0% from 40 to 70 units, and 53.3% above 70 units. 

The relative share in the 70-10-20 distribution is 7.818% for the "road" component, 6.200% for the 

"vehicle" component, and 44.333% for the "driver" component, all contributing to 100%. The total 

weighted unit for the assessment of the given case is 58.35%. 
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(a) (b) 

Figure 10. Pie chart of weighted units up to 58.35% for the "road-vehicle" and "driver" components: (a) Levels of 

weights for the elements "road" and "vehicle"; (b) Driver's behavior. 

Thus, the eighth data group is formed, with a risk level ranging from 56.01% to 60.00%, used to 

evaluate driver behavior. 

The data highlight a significant shift of risks toward the highest levels, particularly in driver 

behavior. For the "road" and "vehicle" components, the risk up to 40 units accounts for 50.0%, 

indicating moderately safe conditions. The shares of risk from 40 to 70 units and above 70 units are 

equal, at 25.0% each, suggesting a balanced distribution between medium and high risk. 

However, the situation regarding driver behavior is highly concerning. The risk above 70 units 

reaches 53.3%, reflecting a dominant weight in this category, while the risks up to 40 units and in the 

range of 40 to 70 units are 26.7% and 20.0%, respectively. This clearly indicates that driver actions are 

the primary source of the high risk. 

The relative share of the "road" component (7.818%) and the "vehicle" component (6.200%) in the 

70-10-20 distribution is moderate, but the driver's share (44.333%) remains dominant. This fact 

strongly emphasizes the leading role of the human factor in risk management. 

The total weighted unit for the assessment (58.35%) is the highest among the analyzed cases, 

signaling critical complexity in risks. Urgent measures are needed, focusing on driver training, the 

development of decision-support systems, and technological innovations to reduce high risks at 

levels above 70 units. 

The ninth data group is formed by the combination of term numbers within the linguistic 

variables: 

𝐴9 = [1,1,1,2,4,3,6,3,4,4,2,7,0,1,2,0,0,12,3,4,3,8,6,1,3,2,0,2,2,2,2] (24) 

Each linguistic variable is assigned a risk level according to the selected terms, as follows: 

𝐴9 = [20,20,70,25,30,40,70,80,80,70,30,60,20,80,70,10, 

10,90,90,90,40,90,90,70,60,50,30,80,80,80,80] 
(25) 

The first pie chart in Figure 11a reflects the weight levels for the "road" and "vehicle" components, 

showing a risk level of 50.0% up to 40 units, 31.3% from 40 to 70 units, and 18.8% above 70 units. 

The second pie chart in Figure 11b illustrates driver behavior, showing a risk level of 20.0% up 

to 40 units, 20.0% from 40 to 70 units, and 60.0% above 70 units. 

The relative share in the 70-10-20 distribution is 9.727% for the "road" component, 4.800% for the 

"vehicle" component, and 48.067% for the "driver" component, all contributing to 100%. The total 

weighted unit for the assessment of the given case is 62.59%. 
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(a) (b) 

Figure 11. Pie chart of weighted units up to 62.59% for the "road-vehicle" and "driver" components: (a) Levels 

of weights for the elements "road" and "vehicle"; (b) Driver's behavior. 

Thus, the ninth data group is formed, with a risk level exceeding 60.00%, used to evaluate driver 

behavior. This range shows an increased share of weights in the levels from 40 to 70 units, as well as 

above 70 units. 

The data clearly indicate a shift of risk toward higher levels, with particular attention required 

for driver behavior. For the "road" and "vehicle" components, the risk up to 40 units is 50.0%, 

demonstrating relative stability at lower risk levels. The share of risk in the range of 40 to 70 units is 

31.3%, while above 70 units it is 18.8%, indicating a moderate increase in risk at medium and high 

levels. 

However, for driver behavior, the situation is significantly more critical. The risk above 70 units 

reaches 60.0%, clearly dominating the other categories. The share of risk up to 40 units and in the 

range of 40 to 70 units is equal at 20.0%, emphasizing the serious concentration of risk in the highest 

categories due to the human factor. 

The relative share of the "road" component (9.727%) and the "vehicle" component (4.800%) in the 

70-10-20 distribution remains relatively low, while the driver's share (48.067%) is dominant. This fact 

unequivocally proves that risk management depends primarily on driver actions. 

The total weighted unit for the assessment (62.59%) is the highest among all analyzed cases, 

signaling a critical need for measures. To reduce risk, it is necessary to implement driver training 

programs, develop decision-support systems for stressful situations, and integrate technological 

solutions to mitigate the influence of the human factor on high risk. 

In accordance with the obtained results, a comparative analysis of the ranges has been 

conducted, applying a methodology for analyzing levels of graphical dependencies through 

normalized values. 

3.1. Normalization of Values 

Normalization is the process of transforming data so that the values are scaled within the range 

[0,1]. This enables uniformity in the scale of the data, which is particularly useful when comparing 

different datasets. The process is performed using the following formula: 

𝑦𝑛𝑜𝑟𝑚 =
𝑦 − 𝑚𝑖𝑛(𝑦)

𝑚𝑎𝑥(𝑦) − 𝑚𝑖𝑛(𝑦)
 (26) 

where: 

𝑚𝑖𝑛(𝑦) - the lowest (minimum) value in the dataset, 

𝑚𝑎𝑥(𝑦): - the highest (maximum) value in the dataset. 

Normalization enables the comparison of graphs and the analysis of data with different scales 

by eliminating the influence of differences in value ranges. 
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3.2. Polynomial Approximation 

The approximation of graphical data is achieved using a fifth-degree polynomial, which 

describes the relationship between the variables under investigation. Mathematically, the polynomial 

can be represented as: 

𝑃(𝑥) = 𝑎5𝑥5 + 𝑎4𝑥4 + 𝑎3𝑥3 + 𝑎2𝑥2 + 𝑎1𝑥 + 𝑎0 (27) 

The coefficients 𝑎5, 𝑎4, … , 𝑎0 are determined using the least squares method, implemented via 

the polyfit function. 

The polynomial serves as a mathematical model for approximating the trends observed in the 

dataset. 

The polyfit function optimizes the model parameters by minimizing the sum of the squared 

deviations between the empirical values and the predicted values calculated using the polynomial. 

3.3. Calculation of Polynomial Values 

The values of the polynomial for given input points 𝑥  are determined using the following 

mathematical relation: 

𝑦𝑝𝑜𝑙𝑦 = 𝑃(𝑥) (28) 

Where 𝑃(𝑥)  represents the polynomial function defined by the determined coefficients. The 

calculations are performed using the built-in function polyval. 

3.4. Interpolation 

Interpolation is a method for calculating values at missing points based on known neighboring 

values. To align the dimensions between different graphs, linear interpolation is applied, which is 

expressed by the following formula: 

𝑦𝑖𝑛𝑡𝑒𝑟𝑝(𝑥) = 𝑦𝑠𝑡𝑎𝑟𝑡 +
(𝑥 − 𝑥𝑠𝑡𝑎𝑟𝑡)

(𝑥𝑒𝑛𝑑 − 𝑥𝑠𝑡𝑎𝑟𝑡)
. (𝑦𝑒𝑛𝑑 − 𝑦𝑠𝑡𝑎𝑟𝑡) (29) 

where: 

𝑥𝑠𝑡𝑎𝑟𝑡, 𝑥𝑒𝑛𝑑 are the coordinates of the known neighboring points on the 𝑥- axis, 

𝑦𝑠𝑡𝑎𝑟𝑡, 𝑦𝑒𝑛𝑑 are the corresponding values on the 𝑦 - axis. 

Interpolation calculates values for missing points by using neighboring known points (𝑥𝑠𝑡𝑎𝑟𝑡, 

𝑥𝑒𝑛𝑑) and ( 𝑦𝑠𝑡𝑎𝑟𝑡, 𝑦𝑒𝑛𝑑). 

It is necessary for correlation analysis when the 𝑥 - ranges for different graphs do not align. 

3.5. Correlation 

Correlation measures the degree of linear dependence between two datasets:  

𝑟 =
∑(𝑥𝑖 − 𝑥̅)(𝑦𝑖 − 𝑦̅)

√∑(𝑥𝑖 − 𝑥̅)2 . ∑(𝑦𝑖 − 𝑦̅)2
 (30) 

To confirm the increased risk concerning driver behavior, a comparative correlation analysis is 

performed on the graph levels of the polynomial functions in the risk range between 40 and 70 units, 

as well as above 70 units. 

Figure 12 shows the graphical dependencies of the polynomial functions between the third and 

fourth groups, related to the correlation analysis. 
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Figure 12. Graphical dependencies of the polynomial functions between the third and fourth groups. 

Regarding the correlation coefficients, the following is obtained: 

Correlation between Graph 1 and Graph 2: -0,17 

Correlation between Graph 3 and Graph 4: 0,43 

The correlation analysis shows that the value -0.17 indicates a very weak negative correlation. 

There is a very slight inverse relationship between the two graphs, with the connection being almost 

insignificant. The value 0.43 indicates a moderate positive correlation. There is a tendency for the 

values in Graph 3 and Graph 4 to increase together, but the relationship is not very strong. 

However, based on the graph availability levels, there are distinct data trends between these two 

levels, as indicated in the analysis of the specific groups applied above. 

Figure 13 Graphical dependencies of the polynomial functions between the fourth and fifth 

groups, related to the correlation analysis 

 

Figure 13. Graphical dependencies of the polynomial functions between the third and fourth groups. 

Regarding the correlation coefficients, the following is obtained: 

Correlation between Graph 1 and Graph 2: 0.24 

Correlation between Graph 3 and Graph 4: 0.21 

The value of 0.24 indicates a very weak positive correlation. There is a slight tendency for the 

values of Graph 1 and Graph 2 to increase together, but the relationship is almost insignificant. The 

value of 0.21 also indicates a very weak positive correlation. The relationship between the values of 

the two graphs is minimal. 

However, based on the graph availability levels, there are distinct data trends between these two 

levels, as indicated in the analysis of the specific groups presented above. 

Figure 14 shows the graphical dependencies of the polynomial functions between the fifth and 

sixth groups, related to the correlation analysis. 
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Figure 14. Graphical dependencies of the polynomial functions between the fifth and sixth groups, related to the 

correlation analysis. 

The comparative analysis has shown that: 

Correlation between Graph 1 and Graph 2: -0.03 

Correlation between Graph 3 and Graph 4: -0.06 

The value of -0.03 indicates a very weak or almost zero negative correlation. There is no 

significant relationship between the values of Graph 1 and Graph 2. They change independently of 

each other. The value of -0.06 also indicates an almost zero negative correlation. The values of Graph 

3 and Graph 4 are not significantly related, although a very slight inverse trend can be observed. 

However, based on the graph availability levels, distinct trends are observed between these two 

levels, as indicated in the analysis of the specific groups presented above. 

Figure 15 Graphical dependencies of the polynomial functions between the sixth and seventh 

groups, related to the correlation analysis. 

 

Figure 15. Graphical dependencies of the polynomial functions between the sixth and seventh groups. 

Regarding the correlation coefficients, the following is obtained: 

Correlation between Graph 1 and Graph 2: -0.36 

Correlation between Graph 3 and Graph 4: -0.49 

The value of -0.36 indicates a weak to moderate negative correlation. This means that when the 

value in Graph 1 increases, the value in Graph 2 decreases, and vice versa. However, the relationship 

is not very strong. The value of -0.49 indicates a moderate negative correlation. In this case, there is 

also an inverse relationship, but it is stronger compared to the first pair of graphs. When the value in 

Graph 3 increases, the values in Graph 4 generally increase as well, and vice versa. 
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However, based on the availability level of the graphs, distinct data trends are observed between 

these two levels, as indicated in the analysis of the specific groups presented above. 

4. Conclusions 

This study is focused on the development of a methodology based on machine learning for the 

analysis and assessment of risks in road traffic accidents involving pedestrians. The methodology 

offers a systematic and integrated approach for identifying key risk factors and examining their 

interactions within the transportation system - driver, vehicle, road, and environment. Through the 

structuring of linguistic variables and the use of modeling and forecasting algorithms, the 

methodology provides a mechanism for assessing the complex dependencies that influence road 

safety. 

The obtained results highlight the importance of the human factor as a critical component of 

risk. Furthermore, the analysis reveals the potential for optimizing transportation infrastructure and 

vehicle technical systems as means for reducing risk. 

The proposed methodology serves as a foundation for the development of decision-support 

systems aimed at improving road safety. Future prospects include expanding its application by 

integrating more extensive data, applying advanced analysis algorithms, and personalizing decisions 

based on the specific characteristics of different transportation systems. 
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