
The transition towards semi-autonomous vehicle insurance:  

the contribution of Usage-Based data 
 

 

Ana M. Pérez-Marín 

Riskcenter, Universidad de Barcelona, Av. Diagonal, 690, 08034 Barcelona;  

amperez@ub.edu 

 

Montserrat Guillen 

Riskcenter, Universidad de Barcelona, Av. Diagonal, 690, 08034 Barcelona;  

mguillen@ub.edu  

 

 

Abstract 

The transition towards semi-autonomous vehicles is expected to 

contribute to lower the frequency of motor accidents and to have a 

significant impact for the automobile insurance industry, as rating 

methods must be revised to ensure that risks are correctly 

measured. We analyze telematics information and Usage-Based-

Insurance research to identify the effect of driving patters on the 

risk of accident. This is used as a starting point for addressing risk 

quantification and safety for semi-autonomous vehicles. Here we 

estimate the effect of excess speed on the risk of accidents with a 

real telematics data set. We show scenarios for a reduction of 

speed limit violations and the consequent decrease in the expected 

number of accident claims. If semi-autonomous vehicles would 

eliminate the excess of speed, the expected number of accident 

claims could be reduced to almost one third its initial value, in the 

average conditions of our data. 

 

1. Introduction 

 

Many automobiles nowadays incorporate automatic speed control devices, which allow 

the driver to keep the vehicle at a predetermined constant speed, and ensure that the 

speed limit is not going to be violated. At the same time, the driver does not need to 

look at the speedometer and just needs to concentrate on the road, which contributes to 

safer driving. What would be the effect of automatic speed control driving on the risk of 

accidents? We carry out a revision of the existing literature on Usage-Based-Insurance 

(UBI) in order to answer this question. 

 

Many insurance companies around the world are nowadays offering UBI policies. 

Depending on the level of telematics information accounted for in automobile 
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insurance, UBI can have different forms, such as Pay-As-You-Drive (PAYD) and Pay-

How-You-Drive (PHYD). In PAYD insurance the premium depends on the real 

distance travelled by the insured which is controlled by a telematics device installed in 

the car. On the other hand, in PHYD insurance the premium calculation also depends on 

other telematics variables such as type of road, time, speed, sudden braking events, etc. 

Therefore, such automobile insurance contracts are a step towards a more personalized 

concept of motor insurance.  

 

Many recent research articles have analyzed real vehicle usage data in the context of 

UBI and have determined the effect of driving patters on the risk of accident. We 

consider that this knowledge can be used as a baseline for approaching risk 

quantification in insurance policies for semi-autonomous vehicles. These results can 

also be used as benchmarks in an attempt to design safer semi-autonomous vehicles that 

incorporate speed control.  

 

We present a real case study where the impact of speed limit control is measured in 

different scenarios by using a PHYD insurance database provided by a Spanish 

company. Therefore, we make a contribution towards the transition to a new model for 

semi-autonomous vehicle insurance. Additionally, urban driving is also analyzed as a 

risk factor in the literature on UBI as the frequency  of accidents is higher in urban areas 

than elsewhere. Therefore, the effect of new devices which make driving easier in urban 

roads could also be approached, such as the assisted parking systems, proximity 

sensors, and so on.  

 

The paper is organized as follows. In section two we present a brief introduction to the 

existing results and a survey of the role of speed on the risk of having an accident. 

Section three presents the methods that we use to assess the impact of speed driving on 

the risk of accidents. Section four presents the empirical application and builds 

scenarios on existing models that emphasize the role of speed limitation and automation 

for the assessment of accident risk. Section five analyses the role of automated speed 

control on safety from the perspective of traffic authorities and society. Finally, section 

six concludes. 

 

 

2. Literature review 

 

It is widely accepted that speeding is one of the critical factors that has a negative effect 

on traffic safety. It is well-stablished that speeding is related to the severity of accidents 

(see among others Dissanayake and Lu, 2002, Elvik, 2004 and Jun et al., 2007 and 

2011). Ayuso et al. (2010) found that traffic violations related to excess speed 

significantly increase the odds of serious or fatal accidents versus small accidents, by 

using a multinomial logistic regression model. Additionally, Yu and Abdel-Aty (2014) 

concluded that large variations of speed prior to the crash occurrence would increase the 

likelihood of severe crash occurrence. More recently, Imprialou et al. (2016) revisited 

the crash-speed relationship by creating a new crash data aggregation approach that 

enables improved representation of the road conditions just before crash occurrences 

and they found that higher speed is related with increasingly serious crashes. 

 



Many articles made a contribution to the understanding of speeding by young drivers 

and its effect on accident risk in the context of UBI. Ayuso et al. (2014) concluded that 

a higher proportion of kilometers travelled at speeds above the limits is associated to a 

higher risk of accident among young drivers with UBI. The association between gender 

and risky driving was also stressed by Ayuso et al. (2014), (2016a) and (2016b), who 

conclude that, on average, men have riskier driving patterns than women, as men travel 

more kilometers per day, during the night and at speeds above the limit than women. 

All these three factors were found to be correlated with a larger expected number of 

accidents. Paefgen et al. (2014) investigated the differences between vehicles that get 

involved in crashes and those that do not by using PAYD insurance data and found that 

the risk fluctuates throughout the day, and it is higher for nightfall, at the weekends, on 

urban roads and at low-range or higher-range speeds (0-30km/h and 90-120 km/h 

repectively).  

 

Nowadays, semi-autonomous vehicles incorporate automatic speed control devices, 

which ensure that the speed limit is not going to be violated. This can potentially 

remove a leading cause of vehicle accidents and therefore may lead to more safety and 

lower claim rates. Actually, we are facing an evolution from manual to semi-

autonomous driving and finally one day we aim to driverless vehicles, and this 

transition will progressively reduce accident frequency, resulting in lower losses and 

also lower premiums for motor insurance. Nevertheless, some authors claim that driving 

performance is safer with lower than with higher levels of automation in situations with 

automation failures (Strand et al, 2014). In that context, the insurance industry should 

be able to change their rating methods in order to ensure that risks are correctly 

measured, but most importantly they should be able to contribute to prevention actions 

and risk mitigating procedures to influence on the way drivers perceive their driving 

performance and are engaged into safer attitudes. In that process, we think that 

telematics information and UBI background are going to play an important role. 

Tslentis et al. (2017) provided a recent review of UBI schemes and concluded that there 

is evidence that UBI implementation imply less insurance costs for less risky and 

exposed drivers. These authors also provide a strong motivation for drivers to improve 

their driving behaviors and reduce their degree of exposure by receiving feedback and 

monitoring their performance, which would result in crash risk reduction. In that sense, 

in a study in the Netherlands Zantema et al. (2008) showed that if PAYD were to be 

implemented the total crash reduction was estimated to be more than 5%, resulting in a 

reduction of 60 fatalities and more than 1,000 less injured by traffic accidents each year.  

 

Recently, Baecke and Bocca (2017) investigated how driving behavior data can 

improve the risk selection process in an insurance company. They proved that including 

standard telematics variables significantly enriches the risk assessment of customers and 

insurance companies are better able to tailor their products to the customers’ risk 

profile. According to their results, this new type of telematics-based insurance products 

can quickly be implemented, since three months of data is already enough to get the 

best estimations. 

 

Sheehan et al. (2017) proposed to use a Bayesian Network statistical approach to 

estimate aggregate claims losses from a range of risk factors which are based on PAYD 

and PHYD insurance approaches. They showed the use of this method for a Level 3 



Automation vehicle, where the vehicle can perform many aspects of driving such as 

steering, accelerate/decelerate and monitoring driving environment, but requires the 

driver to always be ready to intervene at the vehicle’s request. These authors considered 

two scenarios, one where the driver is in control and one where the vehicle is in control. 

As expected, the automated features remove driver error and reduce accident risks. 

They found that the aggregate claims loss is one tenth of that concerning the driver. We 

also address this question here, as we also aim to find the influence of the speed control 

on accident risk. 

 

Payre et al. (2014) investigated the acceptability of fully automated driving (FAD) by 

using an online questionnaire addressed to French drivers. They found that around 68% 

of respondents a priory accepted FAD, and preferred use cases were on highways, 

traffic congestion and for automatic parking. Jeong et al. (2017) claimed that it is 

implausible to expect that automate driving systems will reach 100% market penetration 

rate in the near future, therefore, the interaction between equipped and unequipped 

vehicles must be investigated. More recently, Kyriakidis et al. (2015) also investigated 

public opinion on automated vehicles in an international study. They found that on 

average manual driving was the most enjoyable mode of driving, and 33% of 

respondents indicated that fully automated driving would be highly enjoyable. 

Respondents were found to be most concerned about software hacking/misuse and they 

were also concerned about legal issues and safety. Recently Guo et al. (2017) stressed 

the need to explore driver-vehicle cooperation as an opportunity of improve driving 

performance through human-automation synergy. 

 

Harper et al. (2016) investigated benefits and costs of partially-automated vehicle 

collision avoidance technologies. These authors considered fleet-wide deployment of 

blind spot monitoring, lane departure warning, and forward collision warning crash 

avoidance systems and conclude that this early form of automation has positive net 

benefit suggesting that fleet-wide adoption of such technologies would be beneficial 

from an economic and social perspective.  

 

Our contribution is centered on the role of speed control and it is based on the premise 

that automated procedures can reduce and eventually eliminate the violation of speed 

limits on the road. Based on real data we then calculate the reduction in the frequency 

of accidents and its impact on safety. 

 

 

3. The methods 

 

To assess the impact of automatic speed control driving on the risk of accidents we 

model the claim frequency as a function of the proportion of speed violations by using 

telematics variables. This can be easily done by using a Poisson regression model 

(Boucher and Guillen, 2009). In this case, the classical offset variable that measures 

exposure time can be changed by a generalized offset variable that introduces into the 

model the distance travelled during a natural year (as suggested by Boucher et al., 2013 

and Lemaire et al. 2016). A generalized offset variable in the context of a Poisson 

regression model is simply an explanatory variable which is introduced in logarithm 

scale into the model with an associated parameter which is not constrained to be equal 



to one. Boucher et al. (2013) proposed this approach to avoid constraining the 

relationship between the frequency of claims and the distance travelled to be 

proportional.  

 

We follow the same approach and here we propose to enter all telematics variables into 

the Poisson regression model in the logarithm scale. Let N be the total number of 

insureds and K the total number of telematics variables, then the model for the expected 

frequency of claims for insured i = 1,.., N, which we denote as 𝜆𝑖, can be formulated as: 

 

𝜆𝑖 = exp⁡(𝛽0 + ∑ 𝛽𝑘ln(𝑥𝑘𝑖)
𝐾
𝑘=1 )                                          (1) 

 

where 𝛽0 is the intercept term, 𝑥𝑘𝑖 is the telematics variable 𝑥𝑘 for individual i, and 𝛽𝑘 

is the corresponding associated parameter. Equation (1) is equivalent to 

  

𝜆𝑖 = exp⁡(𝛽0) ∙ ∏ 𝑥𝑘𝑖
𝛽𝑘𝐾

𝑘=1                                                 (2) 

 

which means that effects are combined multiplicatively. Note that according to this 

formulation 𝛽𝑘 measures the elasticity of the frequency of claims with respect to 

telematics variable 𝑥𝑘. So, if the value of the variable increases in percent then the 

frequency changes 𝛽𝑘 times this percent, accordingly. Based on the real data we then 

calculate the reduction in the frequency of accidents and its impact on society in terms 

of protection and savings in human lives. 

 

 

4. The insurance data set 

 

We carry out an empirical analysis by using a data set of PHYD insurance policyholders 

which was collected by a Spanish insurer. The sample consist of 9,614 young drivers 

who had a PHYD insurance policy in force during the year 2010. The temporal 

exposure to the risk of accident for all of them is one year, as their insurance policies 

were in force during the entire year 2010. The variables considered in the analysis are 

summarized in Table 1. 

Table 1. Variable description 

Variable Description 

km Distance travelled during the year measured in kilometers 

speed % of kilometers travelled at speeds above the limit 

urban % of kilometers travelled in urban roads 

age  Age of the driver at the beginning of 2010 

nsin Number of accident claims at fault during the year 

 

 

The exogeneous variables are km (which is the total distance travelled during the year in 

kilometers), speed (percentage of kilometers travelled at speeds above the mandatory 

limits), urban (percentage of kilometers travelled in urban roads) and finally the age of 

the driver. Our dependent variable is nsin, which is the total number of claims occurred 



during the year 2010 where the driver was at fault. The reason why we only model 

claims at fault is that we believe that this is a true indicator of accident occurrence that 

was actually caused by the driver. The existence of other accidents caused by other 

drivers may be due to hazard or third parties and are not assumed to be related to the 

risk of accident directly caused by the insured driver fault. However, we have also 

modeled all accidents claimed by the insured even if they were caused by third parties, 

but the main conclusions do not change much. The results are available upon request 

from the authors. 

 

Table 2 shows some descriptive statistics. We see that drivers travel on average 

13,063.71 km during the year (standard deviation 7,715.80). They travel on average 

9.14% of kilometers at speeds above the limit. There exist a high heterogeneity 

regarding speed (the standard error is 8.76 and 5% of them travel more than 27.58% of 

kilometers at speeds above the limit). The average level of urban driving is 26.29% 

(standard deviation 11.18). All drivers are under the age of 35, the average age is 27.78 

(standard deviation 2.82). Finally, they had on average 0.10 claims during 2010, most of 

them did not had any claim but some of them had 3 claims.  

Table 2. Descriptive statistics. 

 

  

Mean 

Standard 

deviation 

 

Minimum 

5% 

percentile 

25% 

percentile 

 

Median 

75% 

percentile 

95% 

percentile 

 

Maximum 

km 

speed 

urban 

age 

nsin 

13,063.71 

9.14 

26.29 

24.78 

0.10 

7,715.80 

8.76 

14.18 

2.82 

0.32 

0.69 

0 

0 

18.11 

0 

2,922.51 

1.02 

8.55 

20.36 

0 

7,529.65 

3.12 

15.60 

22.66 

0 

11,697.82 

6.14 

23.39 

24.63 

0 

17,337.18 

12.28 

34.32 

26.88 

0 

27,297.01 

27.58 

53.48 

29.46 

1.00 

57,756.98 

64.12 

100.00 

35.00 

3.00 

 

We use a Poisson regression model to estimate the number of claims (nsin) as a 

function of the independent variables. The independent variables in our model are 

introduced in logarithms
1
 which we denote by ln. Additionally, we decided not to 

include in the model for the number of claims the 10% of drivers with the highest 

values of speed (those with a percentage of kilometers travelled at speeds above the 

limit equal to 20.81% as minimum). We did that because we consider that there is a 

high heterogeneity among drivers according to speed and there are very extreme 

observations which we think do not represent the most common behavior regarding 

speeding. Such high levels are probably observed in very specific types of drivers and 

roads in the less populated areas. The parameter estimates of the Poisson regression 

model are shown in Table 3. 

 

 

 

 

 

 

                                                           
1
 Due to the fact that a very small percentage of drivers (0.34%) had speed equal to 0% and/or urban 

equal to 0%, we added to these two variables 0.001 so that we could calculate the logarithm. 



Table 3. Parameter estimates for a Poisson regression model. 

 
Parameter Estimate Standard 

error 

Wald 95%  

Confidence Limits 

Wald Chi-

Square 

p-value 

Intercept          -2.8729 1.2151 -5.2544 -0.4913 5.59 0.0181 

ln(km)  0.3733 0.0616 0.2525 0.4941 36.68 <.0001 

ln(speed)        0.1123 0.0401 0.0338 0.1909 7.85 0.0051 

ln(urban)              0.4508 0.0728 0.3082 0.5934 38.37 <.0001 

ln(age)            -1.4074 0.2957 -1.9870 -0.8279 22.65 <.0001 

 

The model is globally significant (Likelihood Ratio Test statistic equals 106.12, p-value 

< 0.0001). The Akaike Information Criterion (AIC) equals 5,823.48 and the Bayesian 

Information Criterion (BIC) 5,858.81. A Negative Binomial Regression was also 

adjusted to the data, but it resulted in higher values of AIC and BIC, therefore the 

Poisson regression model was finally chosen. According to results in Table 3 we see 

that vehicle usage (measured by the distance travelled), breaking the speed limits and 

urban driving are associated to a higher number of claims. Regarding age, the number 

of claims decreases as the age increases.  

 

It is important to notice that if the parameter estimate is different from one, this means 

that the relationship between the corresponding variable and the number of claims it is 

not proportional. Regarding the distance travelled (variable km) we see that the 

parameter equals 0.37 and the Wald 95% confidence limits are (0.25, 0.49), therefore, it 

is clearly different from one and the relationship is not proportional (as found by 

Boucher et al., 2013). The relationship between the distance travelled and the expected 

number of accidents is represented in Figure 1. 

 

Figure 1. The expected frequency of claims as a function of the distance travelled. The 

dots represent the average frequency of claims when the insureds are grouped by 

intervals of 500 driven km. The line represent the fitted claim frequency as a function of 

the distance travelled. 

 



Figure 1 shows the average frequency of claims as a function of the distance travelled. 

The dots represent the real average frequency when the insureds are grouped by 

intervals of 500 driven km. Note that each dot represents an average that has been 

calculated with a different number of drivers. In general, as we move to the right in the 

horizontal axis the number of drivers in each interval decreases. Above 20,000 km the 

data seems to be more heterogeneous, this is due to the fact that there are few insureds 

with such a large number of travelled kilometers. This is also the reason why we limited 

the horizontal axis to 30,000 km. The line represents the fitted claim frequency as a 

function of the distance travelled and it has been calculated by using the Poisson 

regression model (parameter estimates on Table 3) where the rest of covariates have 

been taken to be equal to the sample mean (see Table 2). We see that the frequency of 

claims is far away o increase linearly with the number of kilometers. Instead, a high 

slope is observed for low values of the distance travelled, and it marginally decreases as 

more kilometers are driven. This effect is produced by the fact that the parameter 

associated to the distance travelled in the Poisson regression is lower than one, namely 

equals 0.37. 

 

Figure 2. The expected frequency of claims as a function of the percentage of 

kilometers travelled at speeds above the limit. The dots represent the average frequency 

of claims when the insureds are grouped according to their speed violations by intervals 

of 1%. The line represent the fitted claim frequency as a function of the percentage of 

kilometers travelled at speeds above the limit. 

 

Similarly, in Figure 2 we plot the frequency of claims as a function of the percentage of 

kilometers travelled at speeds above the limit. The dots represent the real average 

frequency when the insureds are grouped by intervals of 1% according to the distance 

driven at speeds above the limit. As the speed increases there are fewer insureds with 

such a high level of speed limit violations. Again, the line represents the fitted claim 

frequency as a function of the percentage of kilometers travelled at speeds above the 

limit by using the Poisson regression model (the rest of covariates again have been 

taken to be equal to the sample mean, see Table 2). We see that the frequency of claims 

increases very sharply for low values of speed violations and later on increases slowly. 

This effect is again produced by the fact that the associated parameter in the Poisson 



regression model equals 0.11, clearly lower than one and therefore far away from a 

proportional relationship.  

 

We did the same type of analysis for urban driving and age. The results are plotted in 

Figures 3 and 4 respectively. In the case of urban driving the dots represent the real 

average frequency when the insureds are grouped by intervals of 1% according to their 

urban driving. As the level of urban driving increases there are fewer insureds and the 

data are more heterogeneous. We see that the line representing the prediction of the 

frequency of claims increases more sharply for low values of urban driving than latter 

on (the corresponding parameter in the model equals 0.45). On the other hand, in Figure 

4 the dots represent the real average frequency of claims when the insureds are grouped 

according to their age at the beginning of 2010 by using intervals of one month. The 

relationship is the opposite, as we observe a decrease in claim frequency as age 

increases.  

 

Figure 3. The expected frequency of claims as a function of the percentage of 

kilometers travelled in urban roads. The dots represent the average frequency of claims 

when the insureds are grouped according to their urban driving by intervals of 1%. The 

line represent the fitted claim frequency as a function of the percentage of kilometers 

travelled in urban roads. 

 

 

5. The role of automated speed control on safety 

 

 

We now measure which would be the impact on safety if vehicles incorporate speed 

control devices to avoid speed violations. Firstly, we consider different scenarios where 

we measure which would be the number of claims per 1,000 drivers as a function of 

their level of speed violations (measured by the percentage of kilometers travelled at 

speeds above the limit) if the rest of variables are assumed to be equal to the 

corresponding sample mean. The calculations are done by using the results of the 

Poisson regression model in Table 3. These results are presented in Table 4.  



Figure 4. The frequency of claims as a function of the age of the driver. The dots 

represent the average frequency of claims when the insureds are grouped according to 

their age by intervals of one month. The line represent the fitted claim frequency as a 

function of the age of the driver. 

 

 
 

 

Table 4. Expected number of claims per 1,000 drivers with different levels of speed 

violation. 

Speed Expected number of claims 

0% 42.75 

1% 92.88 

2% 100.39 

5% 111.27 

7% 115.55 

9% 118.86 

10% 120.27 

12% 122.76 

15% 125.87 

17% 127.66 

20% 130.01 

 

 

We observe that if the level of speed violations is reduced, for example from the 

average sample level of 9% to 0%, then the number of claims per 1,000 drivers would 

change from 119 to 43, while the rest of variables are kept constant. This is clearly a 

significant reduction. This is then the average impact on claim frequency and road 

safety if vehicles incorporate control devices to avoid speed violations. Additionally, 

Table 4 also shows the same calculations for different levels of speed violations, and it 

is very remarkable that if speed violations are reduced from 20% to 0%, then the claim 

frequency per 1,000 drivers decreases from 130 to 43. 



Given that the average level of speed limit violation is around 9%, which means that the 

expected number of claims  per 1,000 drivers is 118.86 (see Table 4), a complete 

elimination of the violations, would lead to 0% levels and therefore to an expected 

number equal to 42.75. This is almost one third the initial level, i.e. 42.75/118.86=36%, 

therefore the initial level is reduced by approximately 64%, two thirds. 

 

Finally, in Table 5 we show the difference in the expected number of claims per 1,000 

drivers and per year due to a change in the level of speed violation. We assume that the 

speed level changes from some level before (rows in the table) to some level after 

(columns) by keeping the rest of variables constant and equal to the sample mean. The 

cells in Table 5 show the number of claims per 1,000 drivers after minus before. We see 

for example that reducing speed from 20% to 9% (which is approximately the sample 

mean) results in 11 less claims (per 1,000 drivers). Of course, the largest reduction 

occurs when speed violations are totally eliminated (by using speed control devices). 

The reduction equals 50 claims per 1,000 drivers if its initial level is just 1%, and 

reaches 87 claims per 1,000 drivers if initially the level was 20%.  

 

 

Table 5. Change in the yearly expected number of claims per 1,000 drivers due to a 

change in the level of speed violation (from some level before to some level after). The 

cells show the number of claims per 1,000 drivers after minus before. 

 After 

Before 0% 1% 2% 5% 7% 9% 10% 12% 15% 17% 20% 

0% 0 50.12 57.64 68.51 72.80 76.11 77.52 80.01 83.12 84.90 87.26 

1% -50.12 0 7.51 18.39 22.67 25.98 27.39 29.88 33.00 34.78 37.13 

2% -57.64 -7.51 0 10.88 15.16 18.47 19.88 22.37 25.48 27.26 29.62 

5% -68.51 -18.39 -10.88 0 4.28 7.59 9.01 11.49 14.61 16.39 18.74 

7% -72.80 -22.67 -15.16 -4.28 0 3.31 4.72 7.21 10.32 12.11 14.46 

9% -76.11 -25.98 -18.47 -7.59 -3.31 0 1.41 3.90 7.02 8.80 11.15 

10% -77.52 -27.39 -19.88 -9.01 -4.72 -1.41 0 2.49 5.60 7.38 9.74 

12% -80.01 -29.88 -22.37 -11.49 -7.21 -3.90 -2.49 0 3.11 4.90 7.25 

15% -83.12 -33.00 -25.48 -14.61 -10.32 -7.02 -5.60 -3.11 0 1.78 4.13 

17% -84.90 -34.78 -27.27 -16.39 -12.11 -8.80 -7.38 -4.90 -1.78 0 2.35 

20% -87.26 -37.13 -29.62 -18.74 -14.46 -11.15 -9.74 -7.25 -4.13 -2.35 0 

 

6. Conclusions 

The transition towards semi-autonomous vehicles is expected to contribute to lower the 

frequency of motor accidents and to have a significant impact for the automobile insurance 

industry, as rating methods must be revised to ensure that risks are correctly measured.  

Our analysis has some limitations, because the data were not collected in the same 

conditions of semi-autonomous vehicles, but rather they were collected in manual drivers. 

We also know that our data belong to a group of drivers that are not exactly representative 

of the general population of drivers. Indeed, they are younger drivers. Authors studying the 

driving population in Spain report average age to be older than the age of our sample. 

Official figures on the age of citizens who have a driver’s license in Spain indicate that the 



average is 48.63 years. Alcañiz et al. (2014) analyze a sample of random drivers who were 

stopped at sobriety checkpoint and they report similar results for Catalonia (Spain). 

Telematics information and UBI research is used as a starting point for addressing risk 

quantification and safety for semi-autonomous vehicles. Our real data have produced some 

scenarios for a reduction of speed limit violations and its impact on the decrease in the 

expected number of accident claims. If semi-autonomous vehicles would eliminate the 

excess of speed, the expected number of accident claims would be reduced. The benefits of 

this reduction can be translated in a reduction in the number victims on the road and an 

increase of overall safety. According to our calculations, if the percentage of kilometers 

travelled at speeds above the limit is reduced from the average level of 9% to 0%, then the 

number of claims is reduced by approximately two thirds. If we assume that all vehicles in 

Spain are equipped with automated speed control devices, so that this reduction would take 

place for all drivers, then the number of accidents with victims (bodily injuries and/or death) 

would be reduced by 2.37 accidents per 1,000 drivers. If we just take into account deaths, 

the total number of victims would be reduced by 1.08 deaths per 26,514 drivers
2
. This is a 

significant reduction that provides relevant information for the insurance industry and the 

road safety authorities, besides the gains for the society as a whole.  
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