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Abstract

:

Driving a vehicle, whether motorized or not, is a risky activity that can lead to a traffic accident and directly or indirectly affect all road users. In particular, road crashes involving pedestrians have caused the highest number of deaths and serious injuries in recent years. In order to prevent and reduce the occurrence of these types of traffic accidents and to optimize the use of the available resources of the administrations in charge of road safety, an updatable predictive model using Markov chains is proposed in this work. Markov chains are used in fields as diverse as hospital management or electronic engineering, but their application in the field of road safety is considered innovative. They are prediction and decision techniques that allow the estimation of the state of a given system by simulating its stochastic risk level. To carry out this study, the available information on traffic accidents involving pedestrians in the database of the Local Police of Badajoz (a medium-sized city in the southwest of Spain) in the period 2016 to 2023 were analyzed. These data were used to train a predictive model that was subsequently used to estimate the probability of occurrence of a traffic crash involving pedestrians in different areas of this city, information that could be used by the authorities to focus their efforts in those areas with the highest probability of a road crash occurring. This model can improve the identification of high-risk locations, and urban planners can optimize decision making in designing appropriate preventive measures and increase efficiency to reduce pedestrian crashes.
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1. Introduction


Since the first death attributed to a case of road crashes suffered by the scientist Bridget Driscoll on August 17 of 1896 [1], numerous studies have focused on the search for a responsible party, as well as on the reduction of victims.



A road crash is understood as the phenomenon that causes a harmful result in the land transport system to people or their property due to a series of defective or negative interrelationships between the elements that make up that system [2]. The World Health Organization (WHO) defined road crashes as an epidemic [3] and, a posteriori, as a pandemic [4]. Generally speaking, a road crash is an unplanned and uncontrolled event in which the action, or reaction of an object, substance, person, or radiation, resulted in injury or the probability of injury to persons [5] or a brief, sudden, and unexpected event or fact that results in an undesirable result and is due, directly or indirectly, to human activity rather than a natural event [6].



Studies such as this one, or others available in the state of the art, are necessary to prevent this type of event or, if necessary, to reduce the number of victims because road traffic injuries are estimated to be the eighth leading cause of death worldwide, with an impact similar to that caused by malaria [7]. Every year more than one million people die in the world as a result of road crashes, multiplying this value by fifty the number of people who are injured, according to the Organization for Economic Cooperation and Development (OECD). Thus, road crashes can be considered among the problems that have the greatest negative effects on society given the high incidence they have in various areas of human activity and the associated high economic costs they generate. These consequences are not only related to the injury of the victims, the material damage or the resulting economic costs, but may also give rise to civil, administrative or even criminal liabilities.



As mentioned in the European Commission’s press release [8], the road safety strategies adopted in recent years are saving lives, but the pace of progress is too slow for the objectives set based on the different strategies proposed at both the national and the European levels. According to the data released by this organization, the average for the European Union (EU) in 2021 will be 44 road deaths per million inhabitants, an increase of 5% compared to 2020, but a decrease of 13% compared to 2019, before the COVID-19 pandemic. In 2023, the number of deaths on EU roads as a result of road crashes was 20,400. This is a slight decrease of 1% from last year [9].



Focusing on one specific country, Spain, the number of fatalities increased by 10% in 2021 compared to 2020, the safest year on record [10]. In 2022, 1145 people died on Spanish roads and another 4008 were seriously injured [11]. The number of pedestrian fatalities also increased, 126 in 2022 compared to 118 in 2019, which means that 1 in 10 road fatalities were pedestrians [12]. In 2023, the figures recorded were 36 road deaths per million inhabitants [9], which is significantly lower than the EU average (36 road deaths per million inhabitants).



Encompassed in the “Road Safety Strategy 2030” plan, the goal would be to reduce the number of traffic accidents and victims on public roads by promoting and coordinating the actions and results of all the actors involved in the field of safe mobility, making progress towards the ambitious goal that no one is killed or seriously injured by road crashes by 2050 [13].



Police presence and surveillance continue to be considered the main action to prevent road crashes [14,15]. The DGT also maintains that police surveillance clearly influences the reduction of the road crash rate [16]. However, it is not feasible to monitor all roads, especially with the lack of human and material resources that most of the staff of the security forces and corps in charge of traffic have [17,18], in addition to the increase in tasks they are experiencing over the years. For this reason, it is essential to model the traffic accident rate and predict the most critical points with even more precise techniques. This model could help to manage the available resources in a much more efficient and effective way, leading to the deterrence of dangerous behaviors in the specific areas derived from the study conducted [19]. The aim will not be to focus on what has happened to date to propose measures but to try to predict future road crashes to try to anticipate these events, with tragic outcomes in many cases [20].



In this sense, this paper would allow the implementation of a rigorous model that indicates where there is a probability that a pedestrian crash could happen through easily interpretable and accurate indicators, which will help to plan, guide and optimize the monitoring of those areas with the highest percentage of risk of pedestrian crash [21]. New measures could be implemented in these areas (speed controls, asymmetrical pedestrian crossings, increased police presence, etc.) to reduce pedestrian crashes.



A pedestrian crash can be defined as the more or less violent contact of a vehicle with a pedestrian [22] or as a road crash between a vehicle and a pedestrian in which one or more vehicles and pedestrians are involved, regardless of whether the pedestrian participated in the first or a later phase of the road crash [23]. In addition, a pedestrian crash is also considered to be a road crash where there is a disproportion of the masses of the vehicles involved [24].



According to the current regulations, a pedestrian is defined as “a person who, without being a driver, travels on foot on roads or land, who pushes or pulls a stroller or a pram of a person with a disability or any other small non-motorized vehicle, those who ride a two-wheeled bicycle or moped on foot, and persons with disabilities who circulate in a wheelchair, with or without a motor” [25]. The vehicles, the other party involved in a pedestrian crash, are defined as “a device suitable for travelling on roads or terrain” [25].



There are two main types of pedestrian crashes depending on the point of contact between the pedestrian and the vehicle: collision with the sides of the vehicle and collision with the frontal [23]. A third category, which is much less common, could be added: collision with the rear of the vehicle when it is reversing [2]. In addition, in terms of the trajectory after the vehicle–pedestrian impact, five typologies can be established: envelopment trajectory, flip on the fin, flip on the roof, somersault and forward projection [26,27].



In this work, the prediction of the risk of the occurrence of a pedestrian crash in a city is carried out. This prediction should be related to a city because this type of event mostly happens in areas where there is a high density of pedestrian cities. Therefore, a specific one will be selected to test the tool that will be proposed: Badajoz, a small city (150,090 inhabitants) located in the southwest of Spain. The predictions will be made using Markov chains. Markov chains were chosen to do so because, although they are widely used in other fields with very good results, their application is not widespread in the road safety sector, and there are not many known precedents that develop the model in this field.



The rest of the paper is organized as follows. A literature review of the methods used for studying pedestrian crashes is presented in Section 2. Section 3 presents the materials and methods, describing the parameters and models used in the development of the work, while in Section 4 all the results are shown. Finally, the discussions are developed in Section 5 and the conclusions obtained in this work are analyzed in Section 6.




2. Literature Review


Over the years, there has been a great deal of work in the scientific literature analyzing the causes of traffic accidents in order to understand why and how they occur [28,29,30,31,32,33,34,35]. Other works analyze the crash–injury severities and try to establish predictive models that manage to mitigate these events, trying to propose techniques and solutions to reduce the number of victims [36,37,38,39,40]. And others seek to predict where new traffic accidents will occur [41,42,43,44].



Standard methods such as regression or deep learning have been used to predict traffic accidents among others. However, in the scientific literature, there are not many works on traffic accident prediction using Markov chains. As discussed in the previous section, the predictive model used in this paper is Markov chains. Markov chains have been used as an engineering prediction technique, simulation and decision making in numerous fields and with very accurate results. However, its use in the field of traffic accidents is not very widespread. Therefore, the aim of this article is to reproduce in the field of traffic accidents the good results obtained in other fields with the Markov model. Some of these most notable works using the Markov model in the field of road crashes are shown below.



Lin Y., et al. (2011) used the Markov chain model, which predicts the future situation based on the characteristics of previous situations to predict the damages in a certain highway in the next several months in China [45]. Hanchu Zhou et al. (2019) used a Markov chain spatial model to incorporate spatial effects into the temporal dynamics of road traffic fatality rates [46]. Chengcheng Xu et al. (2020) proposed a Markov switching logit model with spatial dependencies for real-time crash risk assessment, with the purpose of identifying hazardous traffic-flow conditions with high crash potential [47]. Taoufik Y. and Sadok Ben Y. (2021) proposed a mathematical model to manage vehicle mobility in the road network [48]. Mohammadi, A. et al. (2023) used 5354 multi-year data of twelve socio-economic and built-in environmental factor incidents to predict pedestrian road traffic accidents with the Markov chain and cellular automata Markov chain models [49].



The present work aims to fill up this knowledge gap in the field, providing predictions of urban areas of Badajoz where pedestrian crashes are more likely to happen in order to allow traffic safety officers to develop and apply measures to try to reduce the occurrence of these events.




3. Materials and Methods


3.1. General Description


Data on traffic accidents involving pedestrians were obtained from the reports of the Judicial Traffic Police of the Local Police of Badajoz in Spain (2016–2023). The total number of pedestrian crashes analyzed was 816, with 85 in 2016, 119 in 2017, 105 in 2018, 108 in 2019, 84 in 2020, 108 in 2021, 123 in 2022, and 84 in 2023.



The crash data span from 2016 to 2023, a period during which the COVID-19 pandemic occurred, but this would not affect the results of the model because the restrictions were applied equally to all sectors. The impact of the COVID-19 pandemic affected the total number of road crashes compared to other years, as shown by the statistics of the Badajoz Local Police.



Moreover, if we examine the number of pedestrian crashes in these eight years of study, we observe an upward dynamic in the number of pedestrian crashes (except for the year 2020 due to the restrictions imposed by the COVID-19 pandemic). Due to this clear upward dynamic, the Chief Superintendent of the Local Police of Badajoz elaborated a detailed study to try to reduce this dynamic [24], and the urban planners through this study implemented generic measures throughout the city of Badajoz in early 2023, thus reducing pedestrian crashes in that year. In economic terms, these measures were very costly and inefficient because, although pedestrian crashes were reduced overall, many measures were implemented in areas that did not have a significant impact on this reduction, and these resources could have been used in areas with a greater impact. In this sense, the model developed in this paper will try to improve the decision-making of urban planners when using existing or new resources.



With this large disbursement of resources (especially economic) in the measures implemented in early 2023, the competent authority did not apply new measures at the beginning of 2024 to continue with the reduction of pedestrian crashes, observing how the dynamics of pedestrian crashes in this first six months reached the dynamics of 2022, using these 59 pedestrian crashes that occurred in the city of Badajoz during the first half of 2024 (January–June) to validate the model developed in this article. In addition, to verify the accuracy of the model, pedestrian crashes were analyzed during the months of July, August and September, after the implementation of new measures in the sector that the model predicted would be most at risk.



Badajoz is located in southwestern Spain, bordering Portugal. It is the most populous city in the autonomous community of Extremadura, with 150,090 inhabitants according to data published on 1 January 2023 [50]. However, its daily floating population increases by about 15,000 to 20,000 people due to the different activities of the city according to the latest available data [51].



For operational purposes of the city’s Local Police and for the development of this work, Badajoz is divided into four sectors (Figure 1), with Sector 3 currently being the sector with the largest population [52].




3.2. Markov Model


Markov chains are used as a prediction technique, allowing simulations and accurate decisions to be made in the field of engineering [53] or in other branches such as economics or health.



These models allow the study of stochastic processes that evolve randomly and without memory over time and over a set of possible states [54,55].



Using this model, it is possible to determine the probability that a system will go from state i to state j in time t. Since in this work, these states are related to risk levels, in what follows the word level will be used instead of state for the sake of simplicity. Therefore, the system that evolves in time (t = 0, 1, …) is in level     i   t       at instant t, if at instant t − 1 it was in level     i   t − 1    :


  P     X   t   =   i   t       X   0   =   i   0   , … ,    X   t − 1   =   i   t − 1     = P     X   t   =   i   t       X   t − 1   =   i   t − 1     =   p     i   t − 1 ,     i   t      



(1)







If     p   1    (t), …,     p   n    (t) are the probabilities of being in level n at time t and     p   i j    (t) the probability of the evolution from level i to j at time t, 1 ≤ i, j ≤ n, the corresponding probabilities at time t + 1 can be represented in its matrix form as:


          p   1   ( t + 1 )     ⋮       p   n   ( t + 1 )        =        p   11   ( t )   ⋯     p   1 n   ( t )     ⋮   ⋱   ⋮       p   n 1   ( t )   …     p   n n   ( t )             p   1   ( t )     ⋮       p   n   ( t )        



(2)







For the case study, we are interested in homogeneous Markov chains, i.e., those in which no term     p   i j    (t) depends on t and satisfies Equation (3):


   p   t   =   A   t   p ( 0 )     where   A ( t ) =        p   11   ( t )   ⋯     p   1 n   ( t )     ⋮   ⋱   ⋮       p   n 1   ( t )   …     p   n n   ( t )      ,   



(3)




where A(t) is the transition matrix representing the number of times the system evolves from state i to state j at time t (1 < i, j < n).



Thus, in the case of a homogeneous chain, the following equality is satisfied for the distribution to be stationary:


   x   =     lim   t → ∞    ⁡  p   t   =       lim   t → ∞    ⁡    A   t   p   0       



(4)







If matrix A is irreducible, this limit will exist. Furthermore, if the transition matrix is primitive, the limit x is independent of the initial probability distribution p(0) and equal to the eigenvector (EVE) of eigenvalue (EVA) 1 of the matrix according to the equation:


   x   =    1    ∑    v   i                 v   1       ⋮       v   n         = E V E   o f   E V A   1 ,   n o r m a l i z e d  



(5)







The EVA is a scalar λ∈ℂ of the square matrix A if there exists a column vector v ∈    M   n , 1    (ℂ) satisfying Av = λv and v ≠ 0. The EVEs are vectors v ∈    M   n , 1    (ℂ) related to the square matrix A if v ≠ 0 and there exists λ∈ℂ satisfying Av = λv. The characteristic polynomial of the matrix A is used to calculate the EVAs, which are its roots:


    Q   A   ( λ ) = det   ( A − λ   I   n   ) ,  



(6)




where I is the identity matrix of order n. Once the EVAs (λ) are calculated, the corresponding EVEs can be found by solving det(A −   λ I  ) = 0. In addition, once the EVAs and EVEs are calculated, the diagonal matrix (the values of the diagonal are the EVAs) and the stationary matrix (the values of the columns are the EVEs) can be obtained [56,57,58].



In order to develop the Markov model, and to allow it to estimate the risk of a crash occurring, a risk scale must be defined. In this work, five levels were defined by taking into account the number of pedestrian crashes per month, as shown in Table 1, from Level 1 (no risk with 0 victims/month) to Level 5 (extreme risk with more than 5 victims/month). These five crash risk levels and thresholds were selected based on other works that also predict road accidents in the scientific literature, mainly following the criteria of Muñoz Garrido, R. [24] and Aparicio Azcárraga, R. [21]. The corresponding values assigned to each sector were obtained from the data available from 2016 to 2023, regardless of whether the road crashes involved minor, serious, very serious or fatal victims. In this way it is possible to calculate the probability that a given sector will be in one or another risk level after a certain period of time. This makes it possible to quantify the probability of the system being at an acceptable level of risk relative to other areas of higher risk, and thus to plan the use of available resources to prevent the occurrence of future road crashes.





4. Results


From the available historical data and taking into account the five levels defined in Table 1, the transition matrix and the probability matrix can be obtained for each one of the four sectors into which the city is divided [59]. This type of study requires that the future level is independent of the past level and depends only on the current state [60], as is the case with the problem at hand.



The results obtained are shown in Table 2. The transition matrix represents in each row the number of times a risk level is reached from the other ones. From this matrix, the probability matrix is calculated by dividing each value in a column by the sum of all values in this column. Therefore, the sum of all elements in a column is 1.



As described in Section 2, after obtaining the above transition matrix and probability matrix (Table 2), the EVAs and EVEs values, the diagonal and the stationary matrices and the characteristic polynomial can be obtained for each sector. They are all shown in Figure 2. By analyzing these values, we can predict the level of risk we will face in a sector if no new measures are taken to reduce pedestrian crashes. Based on this prediction, the available resources can be allocated in the most effective and efficient way according to the needs of each sector. This will be discussed in the next section.



By analyzing the results obtained in Figure 2 for each one of the sectors into which the city of Badajoz has been divided, it can be seen that in all cases the values of the diagonal matrix coincide with the values of the corresponding EVA. Moreover, these values are equal to the roots of the characteristic polynomial if we solve the corresponding equation of degree five [54,55]. On the other hand, once it was possible to find the stationary distribution represented by its corresponding matrix, i.e., the distribution representing the evolution of road crashes for each sector over time, it is observed that the values of the columns of this stationary matrix are equal and coincide with the EVE values of EVA 1, which satisfies what is established in Equations (4) and (5) [61].




5. Discussion


The evolution of pedestrian crashes in each sector over time is marked by the stationary distribution. This stationary distribution has all columns equal to and equivalent to the EVEs of EVA 1 (Figure 2). According to this trend predicted by the Markov chains and multiplying each of these values by one hundred, we obtain the percentages of the probability of being in one risk level or another in each sector. The results are shown in Figure 3.



To begin the analysis of the results obtained, it is necessary to analyze the values of Level 5 that each sector has since it defines the highest risk that a pedestrian crash will occur. Higher values will mean that the probability of a pedestrian crash with victims will be higher in these sectors than in the sectors with lower values. The aim is to drive the analysis from the values of this level to try to find out an overall behavior that allows comparing the overall risk level of each sector. This analysis will make it possible to use the existing and new resources, both human and material, in a much more effective and efficient way, trying to achieve the final objective of reaching Level 1 (no risk) in all sectors, that is, with zero victims [62].



Analyzing the results shown in Figure 3 sector by sector, it can be concluded that in the four sectors, the most probable level to be in over time would be Level 3 (moderate risk), with a probability of more than 40% in all cases. The four sectors show the same behavior, so it must be assumed that no sector can be excluded from the policies to be implemented to reduce the number of victims of pedestrian crashes since they all must tend to reach the level of lowest risk possible. The bulk of Sector 1 is in the first three levels, so we could prioritize and use available resources and means in other sectors with higher levels of risk. In Sector 2, unlike Sector 1, the bulk is in the last three levels, which is not surprising since this is also the sector where Level 5 (extreme risk) presents a higher value. Sectors 3 and 4 show similar profiles, both being strongly influenced by Levels 3 (moderate risk) and 4 (high risk), so it would be interesting to make a detailed study of these areas as well.



As shown in Figure 3, the sectors could be ranked by the sum of their percentages in the last two levels because the last two levels are more suitable for assessing the severity of pedestrian crashes. These two levels represent the highest risk of producing a pedestrian crash with casualties, which is what is intended to be prevented. In this way, and according to the prediction of the model, from the highest to the lowest risk, we would have Sector 2 (24.4181%), followed by Sectors 3 (21.2375%) and 4 (15.0025%), and finally Sector 1 (8.3107%). Therefore, according to this prediction, the available resources, both human and material, as well as the study, search and implementation of new resources, would have to be based on the previous order (Sectors 2, 3, 4 and 1). In other words, if the resources were used more intensively in those areas with a higher incidence of high-risk crashes for pedestrians, the resulting beneficial effect would consequently be higher, since a greater overall reduction in pedestrian crashes would be achieved.



If new road crash prevention measures were to be implemented based only on the characteristics of each sector, they could be less efficient because they could be applied to sectors that actually have lower risk levels than others. For example, in Sector 1, we could expect the prediction in this sector based on its characteristics to be a risk Level 1 or 2 (zero risk or low risk) due to the low traffic density in this area, since most of the roads in the center of Badajoz are limited traffic roads and, therefore, traffic is very limited. However, the model predicts a moderate risk level (Level 3), with the highest percentage in this level. The prediction results show that despite the low traffic in this area, urban planners should not forget to implement measures in this sector to further reduce traffic accidents. Another example might be that the characteristics of Sectors 2 and 3 might also lead urban planners to use available resources less efficiently. One might expect that Sector 3 would have the highest crash risk level, rather than Sector 2 as predicted by the model, because Sector 3 is the sector with the highest number of residents who drive (unlike the other three sectors) and with the highest traffic density, according to local police statistics. However, the model results show that Sector 2 has a higher crash risk level than Sector 3 (Figure 3). New measures should preferably be applied to Sector 2 rather than to Sector 3. These facts show that the “a priori” assumptions based on the characteristics of each sector could lead to low efficiency in applying accident prevention measures. The model proposed in this work provides urban planners with a more reliable tool, based on the numerical analysis of the available data, to make more efficient choices when defining road crash prevention measures.



Model Checking


In order to validate the reliability of the prediction of the Markov model developed in this work, 59 pedestrian crashes in the city of Badajoz were analyzed during the first six months of the year 2024 (January–June). Of these 59 pedestrian crashes, regardless of whether they were road crashes with minor, serious, very serious or fatal victims, 9 occurred in Sector 1, 21 in Sector 2, 15 in Sector 3 and 14 in Sector 4. These data are shown graphically in Figure 4. This verification has taken into account that in these first months of 2024, in the city of Badajoz, no new measures were implemented in any of the sectors to reduce pedestrian crashes and, therefore, the result would not be altered compared to the prediction according to the Markov chains analyzed in this paper.



As shown in Figure 4, in the first six months of 2024, and without having implemented any measure to prevent pedestrian crashes in that year, the prediction of the Markov model is fulfilled for all sectors. Sector 2 has the highest number of pedestrian crashes (21), and Sector 1 has the lowest (9). Sector 3 ranks second with 15 pedestrian crashes and Sector 4 ranks third with 14 pedestrian crashes. Therefore, from the highest to the lowest risk, the positions of the sectors based on pedestrian crashes with victims in these first six months of 2024 are Sectors 2, 3, 4 and 1 and coincide with the order established with the predictions of the Markov model (Sector 2 with 24.4181%, followed by Sectors 3 with 21.2375% and 4 with 15.0025%, and finally Sector 1 with 8.3107%).



This forecast was taken into account by the Local Police and new measures were implemented over the next three months (July, August and September) in Sector 2, the sector with the highest percentage of risk according to the results obtained. These new measures in this sector were as follows: increased police presence and increased enforcement by law enforcement officers at conflict points; increased speed enforcement; installation of speed bumps; removal of obstacles that reduce visibility, such as tree branches; increased vertical and horizontal signage; or installation of more lighting at pedestrian crossings.



As shown in Figure 5, in Sector 2, the number of victims was reduced as a result of these new measures implemented by the competent administration, and it was observed that the model is also relevant in this sense and valuable for the decision-making of the authorities in charge of road crashes. In this way, the available human and material resources can be used more effectively and efficiently. It will also be useful to optimize new economic expenditures in other new resources, such as video surveillance zones or intelligent pedestrian crossings.





6. Conclusions


This paper tries to predict the pedestrian crash rate in the city of Badajoz. The prediction model used is a Markov chain. In total, 816 pedestrian collisions were analyzed from the reports of the Judicial Traffic Police of the Local Police of Badajoz in Spain (2016–2023). To carry it out, the city was divided into four sectors. In addition, the number of pedestrian collisions per month in each sector was evaluated using a risk scale with five levels, from Level 1 (no risk and zero victims per month) to Level 5 (extreme risk and more than five victims per month).



The probability matrix of the Markov model was obtained for each one of these four sectors, taking into account the available historical data and the risk scale. After calculating the corresponding EVAs and EVEs, the diagonal and the stationary matrices and the characteristic polynomials were obtained. All these data were analyzed, and future predictions were obtained in order to allocate the available resources in the most effective and efficient way, according to the needs of each specific sector.



Analyzing the results sector by sector, the most likely risk level in which a sector can be allocated over time would be Level 3 (moderate risk) across all four sectors, with a probability greater than 40%. In addition, the sectors could be ranked by the sum of their percentages in the last two levels (those with a higher risk level). In this way, from highest to lowest risk, Sector 2 would be in first place (24.4181%), followed by Sectors 3 (21.2375%) and 4 (15.0025%), and finally Sector 1 (8.3107%). Therefore, according to this prediction, the available resources should be allocated based on this order (Sectors 2, 3, 4 and 1), so that it can be expected that the effect achieved by these measures would be more effective and efficient.



In order to validate the reliability of the prediction of the developed Markov model, the pedestrian crashes in the city of Badajoz were analyzed during the first six months of the year 2024, taking into account that during these first months, no new measures were implemented in any of the sectors to reduce pedestrian crashes. The results show that the Markov model is reliable since the model prediction is consistent with the pedestrian crashes that actually occurred during this period. In addition, the results of the Markov model were taken into account by the Local Police and new measures were implemented in July, August and September in the most critical sector according to the forecast. Pedestrian crashes in Sector 2 were reduced as a result of these new measures, thus also verifying the model and giving it value as a useful tool for decision-making by road safety authorities. The results obtained and the adjustment to reality also show that no sector could be neglected in order to avoid a higher level of risk.



This study has focused only on pedestrian crashes in the city of Badajoz in a given period. Therefore, the study could be improved by extending the period of data collection, as well as by analyzing other types of road crashes (rear-end collisions, run-offs, etc.) or by analyzing a larger population area, as is the case of the Autonomous Community of Extremadura. In this way, it would be possible to verify with greater certainty that the predictive model continues to be reliable.



In future lines of research, the development of this model could be combined with other predictive models such as regression or deep learning to compare which would be more reliable and try to optimize road safety in this way, creating, in turn, more robust, accurate and reliable models that can be implemented for any type of road crash. In this sense, predictive models based on artificial intelligence could be used.
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Figure 1. Sectors of the city of Badajoz for the Local Police. Source: Muñoz Garrido R., 2021 [24]. 
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Figure 2. Results obtained of the predictive model for each sector in the city of Badajoz. 
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Figure 3. Results obtained from the analysis of the Markov model for each sector in the city of Badajoz in percent (%). 
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Figure 4. Victims in pedestrian crashes in each sector of the city of Badajoz in the first six months of 2024 (January–June). 
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Figure 5. Victims in pedestrian crashes in each sector of the city of Badajoz in July, August and September, after preventive measures were applied in Sector 2. 
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Table 1. Level and scale of risk established in the Markov model based on the number of pedestrian crashes with monthly victims (V) in the city of Badajoz.
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	Level
	Victims (V)/Month
	Risk Scale





	1
	0
	No risk



	2
	1
	Low risk



	3
	1 < V ≤ 3
	Moderate risk



	4
	3 < V ≤ 5
	High risk



	5
	V > 5
	Extreme risk










 





Table 2. Transition matrix and probability matrix for each sector as a function of the number of pedestrian crashes with monthly victims in the city of Badajoz.
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	Sector
	Transition Matrix
	Probability Matrix





	1
	        1   10   5   1   0     9   8   10   2   1     5   11   20   2   2     1   0   4   0   0     0   1   2   0   0        
	        0.0625   0.3333   0.1220   0.2000   0     0.5625   0.2667   0.2439   0.4000   0.3333     0.3125   0.3667   0.4878   0.4000   0.6667     0.0625   0   0.0976   0   0     0   0.0333   0.0488   0   0        



	2
	        0   2   3   0   0     2   4   11   4   3     4   14   14   6   5     0   2   10   1   1     0   2   5   2   0        
	        0   0.0833   0.0698   0   0     0.3333   0.1667   0.2558   0.3077   0.3333     0.6667   0.5833   0.3256   0.4615   0.5556     0   0.0833   0.2326   0.0769   0.1111     0   0.0833   0.1163   0.1538   0        



	3
	        1   2   3   2   1     0   12   7   6   0     6   9   21   5   0     2   3   7   5   1     0   0   2   0   0        
	        0.1111   0.0769   0.0750   0.1111   0.5000     0   0.4615   0.1750   0.3333   0     0.6667   0.3462   0.5250   0.2778   0     0.2222   0.1154   0.1750   0.2778   0.5000     0   0   0.0500   0   0        



	4
	        0   3   6   1   0     3   9   12   4   0     3   13   20   7   0     2   4   5   1   1     1   0   0   0   0        
	        0   0.1034   0.1395   0.0769   0     0.3333   0.3103   0.2791   0.3077   0     0.3333   0.4483   0.4651   0.5385   0     0.2222   0.1379   0.1163   0.0769   1.0000     0.1111   0   0   0   0        
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