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Abstract 
 

Speeding is one of the most critical factors affecting road safety levels and one of the leading cause of road crashes. 

Thousands of crashes with serious injuries and fatalities occur daily, and a considerable proportion occurs because 

of speeding. To that end, the aim of this study is to identify critical driving parameters affecting speeding using 

data obtained from smartphone sensors during naturalistic driving. The data used for the analysis were collected 

by recording naturalistic driving trips of 100 drivers over a period of 6 months via the OSeven smartphone 

application, as well as by asking drivers to fill in a questionnaire pertaining to their speeding behavior. Using risk 

exposure and driving behavior indicators calculated from smartphone sensor data, a statistical analysis was carried 

out for correlating the percentage of riding time over the speed limit with other driving behavior indicators, namely 

by means of Generalized Linear Models. In particular, an overall model was developed for all trips, and additional 

separate models were developed for driving on urban and rural roads. The parameters of trip duration, trip distance, 

the number of harsh accelerations and mobile phone use while driving have all been determined as statistically 

significant and positively correlated with the percentage of speeding. In the same context, the average acceleration 

and the low frequency of speeding as declared by participants on the questionnaire, are statistically significant and 

negatively correlated with speeding percentage. 
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1. Introduction 

Road safety is a complex phenomenon that is affected by many factors, with the most significant ones being the 

road user (driver / rider or pedestrian), the vehicle and the road infrastructure and environment. Most of the crashes 

are caused as a result of the combination of two or all three of the above factors. Among those three factors, it has 

been observed that 65% of crash cases have been caused exclusively due to human error, while in combination 

with the other factors the percentage increases to 95%. Thousands of crashes with serious injuries and fatalities 

happen on a global level daily, and a considerable proportion occurs because of speeding. According to World 

Health Organization (WH0, 2020), the total number of road fatalities worldwide continues to climb, reaching a 

high of 1.53 million in 2018 and this is equivalent to one dead driver every 24 seconds. Moreover, European 

Commission, Directorate - General Mobility and Transport (DG MOCE, 2019) published that in 2019 the fatality 

crashes in Europe were 22,800. Consequently, understanding the various risk factors that cause road crashes is 

very crucial and has attracted great attention in the literature. Although there has been a very considerable research 

effort so far, there is still much to be investigated, especially in order to acquire a better knowledge of detailed pre-

accident conditions in order to have a better proactive safety management in major roads of the transport network. 

 

Speeding is one of the most important human factors that influence road accident risk (WHO, 2020). Excess and 

inappropriate speed are responsible for a high proportion of the mortality and morbidity that result from road 

crashes. In high-income countries, speed contributes to about 30% of deaths on the road, while in some low-income 

and middle-income countries, speed is estimated to be the main contributory factor in about half of all road crashes. 

Controlling vehicle speed can prevent crashes happening and can reduce the impact when they do occur, lessening 

the severity of injuries sustained by the victims. However, it is of high importance to understand that the 

relationship between speed and road safety is a complex one; many physical and psychological factors play a role. 

In this paper, two such groups of studies are examined: studies aiming to define the factors that affect speeding 

and studies that have used in-vehicle recoding systems to investigate driving behavior.  

 

The first studies that assessed the effects of speeding were case-control studies and date from the 1960s and 1970s 

in the United States (e.g. Solomon, 1964). At that time, the conclusion was that both drivers driving faster than the 

average speed on a road and drivers driving slower had a higher risk of getting involved in a crash. Other studies 

confirmed the higher crash risk of drivers driving above the average speed. In Australia, this conclusion was based 

on case-control studies (Kloeden et al. 1997, 2001, 2002). In Great Britain, a similar conclusion arose from a self-

report study (Taylor et al., 2000). However, these recent studies did not find evidence for a higher crash risk for 

the driving below average speeds. This is most likely due to the fact that the older studies also included 

maneuvering vehicles. Maneuvering vehicles are more at risk and have, per definition, a low speed. These 

individual speed models in general estimate a higher individual risk, especially for excessive speeders, than do the 

aggregated Power and Exponential models based on mean speed. 

 

With the evolution of technology, the automotive telematics market is growing steadily and a few innovative 

telematics and driver monitoring systems are introduced in our life. Nowadays, most drivers look for new services 

providing more options in order to identify their weak points in driving, adjust their driving style and techniques, 

reward their progress and promote maximum road safety for everyone. More specifically, in many studies that 

have taken place internationally, a device agnostic platform has been developed with the ability to collect data 

from different sources such as smartphones. Additionally, recent works used a Driving Data Recorder (DDR) 

which can provide feedback on driver behavior for crashes analysis and other insurance issues (Ohta et al., 1994, 

Gu et al., 2019).  
 
Moreover, a driving behavior and safety evaluation was conducted through a data recording system called Drive 

Diagnostics which is a dedicated In Vehicle Data Recorder (IVDR) system, customized inside the vehicle (Toledo 

et al., 2006). It is worth highlighting that in a survey which took place in young drivers during the first year after 

their licensure was found that drivers who knew that their driving behavior was being monitored by this device, 

managed to be less aggressive and drove more ecologically (Prato et al., 2010). Moreover, real driving parameters 

of driver behavior have been assessed and analyzed through an On Board Diagnostics (OBD-II) device (Yannis et 

al., 2016). This recording system was developed in the United States of America and is aimed to detect road crashes 

and mechanical problems in vehicle that caused by high emissions above the acceptable limit values. An android 

smartphone connects via Bluetooth to the OBD-II and receives information about the vehicle status, such as speed, 

fuel, temperature, accelerometer values as well as accurate location with a specific latitude and longitude, via GPS 

updates (Zaldivar et al., 2011). 
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Based on the aforementioned, the aim of this study is to identify critical driving parameters affecting speeding 

using data obtained from smartphone sensors during naturalistic driving. Furthermore, the analyses are extended 

in order to determine the influence of road type (urban, rural and highway) in the percentage of speeding as well 

as any underlying correlations with other factors such as driving duration. 

2. Data Collection 

2.1 Experimental Design 

For the purpose of this research, a naturalistic driving experiment was carried out involving 100 drivers during a 

6-months timeframe from July 2019 to December 2019 and a large database of 49,019 trips was created. Driving 

behavior analytics were recorded in real time, using smartphone device sensors. More specifically, an innovative 

data collection system using a smartphone application that has been developed by OSeven Telematics was 

exploited. A set of sophisticated and personalized interactive tools is applied by OSeven Telematics, powered by 

breakthrough technology, smart algorithms and reliable metrics. The most advanced Machine Learning techniques 

are implemented to detect harsh events and speeding, identify the trip transport mode, recognize whether the user 

is a driver or a passenger and rate the driver’s behavior. Consequently, the OSeven platform helps drivers 

understand their weak points and motivates them to improve their driving behavior and also reduce their fuel costs.  

 

This procedure results to the creation of the risk exposure and driving behavior indicators. The risk exposure 

indicators are total distance (mileage), duration (total duration of the trip) and driving duration (total duration of 

the trip not including stops), type(s) of the road network used (given by GPS position and integration with map 

providers e.g. Google, OSM), time of the day driving (rush hours, risky hours), trip purpose combined with other 

data sources (speed limits and detailed accident maps). The driving behavior indicators are speeding (duration of 

speeding, speed limit exceedance etc.), number and severity of harsh events (braking and acceleration), harsh 

cornerings, driving aggressiveness (e.g. braking, acceleration), distraction from mobile phone use and driving in 

risky hours. 

 

It should be highlighted that taking into consideration that privacy and security consist two of the main principles 

in the field of telematics, the OSeven platform has very clear privacy policy statements for the end users covering 

the type of data collected, the reason data is collected for, the time that data is stored and the procedures for data 

security based on encryption standards for data in transit and at rest. All this is done using state-of-the-art 

technologies and procedures in compliance with GDPR. In this framework all data has been provided by OSeven 

Telematics in an anonymized format. 

 

As per example, Figure 1 illustrates the percentage of driving time above the speed limit for each different road 

type respectively. It is noted that in the urban environment the percentage of speeding time is the highest while on 

highways drivers exceed the speed limits the least, probably because the speed limits on highways are already high 

enough. 
 

 
Figure 1: Percentage of driving time over the speed limit examined per road type 

 

 

http://www.oseven.io/
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2.2 Participants questionnaire 

Before the driving experiment, each participant was requested to fill in a questionnaire which was divided into the 

following four sections. 

 The first one includes questions about driver’s driving habits and experience such as how many days do the 

drivers use their car per week, how many kilometers do they drive per week, how many kilometers do they 

drive annually, etc. 

 The second section contains questions about driver’s vehicle such as how old their car is, which is the car 

cubism, if the driver is the owner, which is the average fuel consumption, etc. 

 The third section refers to driving behavior and the drivers were requested to answer questions such as how 

often do they exceed speed limits, or make harsh accelerations and harsh brakes, how many times have they 

violated the Road Traffic Code, etc. 

 The final section includes questions about demographic characteristics such as the driver gender, age, marital 

status, education, family income, etc. 

 

After completing the above procedure, some statistic charts were constructed for the better comprehension of the 

data collected with respect to the questionnaire. On that note, Figure 2 shows the number of drivers in regards to 

their age distribution and the self-declaration of being an aggressive driver.  
 

 
Figure 2: Drivers distribution by age and self-declared aggressiveness  

 

3. Methodology 

3.1  GLM Poisson Models 

The variable of interest in the present analysis is the percentage of speeding time while driving. This quantity was 

available either as a share of trip time during which the speed limit was exceeded, or as a binary variable for the 

entire trip (yes/no). The first approach was selected for modelling in the present research. After transforming the 

speeding percentage per trip to an integer, Generalized Linear Models (GLMs) were implemented with a Poisson 

data distribution. GLMs are known to be better used when dealing with frequency (count) data (Lord & Mannering, 

2010). 

 

The general form of the GLM models the log odds via a linear predictor. Following McCulloch (2003), if y is the 

observed speeding percentage per trip i, and λ is the expected speeding percentage to be predicted, then the model 

is specified as: 

𝑦𝑖~ 𝑃𝑜𝑖𝑠𝑠𝑜𝑛 (𝜆𝑖)      (1) 

  

 

And the linear predictor is:   
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log(𝜆𝑖) = 𝛽𝜊 + 𝛽𝑛 + 𝑥𝑛 + 𝜀      (2) 

  

Where β are the fixed-effect parameters (constant and coefficients) for n independent variables, and ε is the error 

term. 

 

 3.2 Correlation Coefficients 

 

After an extensive data cleaning and preparation, the next step of the analysis involved a collinearity testing so 

that any highly correlated variables were excluded from the models. When two variables have an absolute value 

of correlation coefficient at least 0.6, then these two variables are highly correlated. Table 1 indicatively shows 

the correlation coefficients between variables used in the models. 

 

Table 1: Correlation coefficient of variables 

Correlation Pearson 

  mbu harsh_acc acc_avg distance_total speed_avg duration duration_rural 

mbu 1 0.301 0.152 0.256 0.214 0.142 0.12 

harsh_acc 0.301 1 0.521 0.283 0.356 0.354 0.262 

acc_avg 0.152 0.521 1 -0.284 -0.315 -0.142 -0.157 

distance_total 0.256 0.283 -0.284 1 0.753 0.821 0.703 

speed_avg 0.214 0.356 -0.315 0.753 1 0.495 0.528 

duration 0.142 0.354 -0.142 0.821 0.495 1 0.784 

duration_rural 0.12 0.262 -0.157 0.703 0.528 0.784 1 

 

4. Results 

Overall, during the 6-months experiment 49,019 trips were recorded from a sample of 100 drivers. Before 

presenting the model development, it should be highlighted that the majority of drivers’ speeding behavior was 

encountered on urban and rural roads, and much less in highways, as shown in Figure 1. This seems to be logical 

as the speed limits in highways are already high enough. This may also be the explanation why the highway model 

did not meet the criteria to be presented in the present paper.  

 

In order to model the expected speeding percentage per trip for the participant drivers, models in a GLM framework 

were calibrated, as previously explained. GLMs were fitted in R-studio (with the glm package) via maximum 

likelihood. A number of models were tested with different configurations in the collected parameters. The selected 

variables were chosen after taking into account the following: lowest Akaike Information Criterion (AIC) for 

dealing with the trade-off between the goodness of fit of the model and the simplicity of the model, high statistical 

significance of variables, low multicollinearity, and finally rational interpretation of their impact on the dependent 

variable.  Table 2 provides a description of the variables selected. 

 

Table 2: Description of the variables used in the analyses 

Variables Explanation 

mbu percentage of mobile phone use while driving (%) 

distance trip distance (km) 

harsh_acc number of harsh accelerations per trip 

acc average acceleration per trip (m/s2) 

duration trip duration (sec) 

self-declared speeding  
self-declaration of exceeding the speed limits 

(never=1, rarely=2, sometimes=3, often=4, always=5) 

AIC Akaike information criterion 

McFadden McFadden's pseudo R2 

 

The final models are presented in Tables 3 (overall model) and 4 (urban and rural models), respectively. Modelling 

results reveal some interesting findings: The parameters of trip duration, trip distance, the number of harsh 
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accelerations and mobile phone use while driving have all been determined as statistically significant and 

positively correlated with the percentage of speeding. In the same context, the average acceleration and the low 

frequency of speeding as declared by participants on the questionnaire, are statistically significant and negatively 

correlated with speeding percentage.  

 

Table 3: GLM model for speeding for all road types (overall model) 

Trip Characteristic βi s.e p-value 
Relative Risk 

Ratio 

Intercept 3.694 0,656 <0.001 40.205 

mbu 3.655 0,864 <0.001 38.668 

harsh_acc 0.485 0,126 <0.001 1.624 

acc_avg -1.244 0,39 <0.001 0.288 

self-declared speeding never -1.648 0,461 <0.001 0.192 

self-declared speeding often -1.148 0,350 <0.001 0.317 

self-declared speeding rarely -1.386 0,338 <0.001 0.250 

self-declared speeding smt -1.073 0,331 0.002 0.342 

AIC 406.96 

McFadden 0.209 

 
 

Table 4: GLM models for speeding for urban and rural roads separately  

Urban Model  Rural Model  

Trip Characteristic βi s.e. p-value 
Relative 

Risk Ratio 
βi s.e. p-value 

Relative 

Risk Ratio 

Intercept 3.225 0.554 <0.001 25.154 2.031 0.634 0.002 7.622 

distance 0.163 0.035 <0.001 1.177 - - - - 

duration - - - - 0.002 0.0004 <0.001 1.002 

mbu 3.355 0.726 <0.001 28.646 5.842 1.236 <0.001 344.468 

harsh_acc - - - - 1.485 0.402 <0.001 4.415 

self-declared speeding never -1.59 0.372 <0.001 0.204 -2.758 0.828 <0.001 0.063 

self-declared speeding often - - - - -1.569 0.458 <0.001 0.208 

self-declared speeding rarely -1.118 0.281 <0.001 0.327 -1.804 0.446 <0.001 0.165 

self-declared speeding smt -0.804 0.276 0.003 0.448 -1.949 0.441 <0.001 0.142 

AIC 511.16                             352.72  

McFadden 0.203                               0.263  

 

The aforementioned results could be further interpreted, calculating the relative risk ratio of every variable and 

thus measuring the increase in probability of speeding while driving. The exposure metrics of trip distance and 

trip duration seem to increase speeding percentage by a factor of exp(βi=0.163) = 1.177 and exp(βi=0.002) = 1.002 

for the urban and rural model, respectively. In other words, in longer distances drivers show an aggressive behavior 

by more often exceeding the speed limits. The most likely explanation is that they want to reach their destination 

faster and the longer they travel, the more impatient they become, which results in exceeding the speed limits. As 

for the overall model, the exposure metrics have not been found statistically significant.  

 

Moreover, regarding the driving behavioral parameter of using the mobile phone while driving, the results show 

that speeding is positively correlated with the distraction from mobile use. More precisely, mobile phone use seems 

to increase the speeding percentage by a factor of 38 for the overall model, by a factor of 28 and 344 for the urban 

and rural model, respectively. The high impact of mobile phone use to speeding is an impressive finding which 

reveals a quite dangerous driving behavior style 

 

Furthermore, another driving behavior parameter that affects the probability of speeding while driving seems to 

be the number of harsh accelerations. In fact, the more the harsh accelerations per trip, the higher the probability 
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of exceeding the speed limits. More specifically, the riding behavioral parameter of harsh accelerations increases 

speeding percentage by a factor of 1.624 in the overall model, indicating the pattern of a stressful driving style. 

The variable is not found statistically significant for the urban road model, but regarding rural driving, the number 

of harsh accelerations seem to increase the speeding percentage by a factor of 4.415. 

 

An additional interesting finding is the self-declared frequency of speeding stated by the drivers through the 

questionnaire. The less often the drivers declare to exceed the speed limits, the lower the probability of speeding 

while driving. This variable obtained by the questionnaire, seems to have a statistically significant effect on all the 

three models. However, it should be highlighted that in general, it is observed that naturalistic driving parameters 

are more significant in comparison with driver characteristics from the questionnaire, pinpointing the superiority 

of naturalistic driving data over self-declared data. 

 

An example of sensitivity analysis conducted in the paper is presented in Figure 3. More precisely, it shows to 

what extent the increase in total trip distance influences the percentage of driving time above the speed limit for 

drivers who have claimed to never exceed the speed limits and drivers who claimed that often exceed the speed 

limit. For this purpose, the values of all independent variables except from the total trip distance remained fixed 

and the total trip distance is plotted for these four circumstances. 

 

 
 

Figure 3: Driver behavior per self-declared speeding  

 

5. Conclusions 

The present research aimed to identify the critical driving parameters that affect speeding using data from 

smartphones. For that purpose, high-resolution smartphone data collected from a naturalistic driving experiment 

with a sample of 100 drivers were utilized. Using risk exposure and driving behavior indicators calculated from 

smartphone sensor data, a statistical analysis was carried out for correlating the percentage of riding time over the 

speed limit with other driving behavior indicators, namely by means of Generalized Linear Models. In particular, 

an overall model was developed for all trips, and additional separate models were developed for driving on urban 

and rural roads. 

 

The results from the interpretation of the estimated parameters of the models can be summarized as follows: The 

parameters of trip duration, trip distance, the number of harsh accelerations and mobile phone use while driving 

have all been determined as statistically significant and positively correlated with the percentage of speeding. In 

the same context, the average acceleration and the low frequency of speeding as declared by participants on the 

questionnaire, are statistically significant and negatively correlated with speeding percentage. Additionally, the 

results of the analysis show that driving characteristics appear to have a higher influence on speeding instances 

compared to self-reported questionnaire answers. 

 

Furthermore, one important finding is that the percentage of mobile phone use in a trip is crucial for forecasting 

the percentage of speeding time during driving as it is included in all three models, namely the overall model, the 
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urban and rural model, and more importantly it constitutes the variable with the highest impact on the models. The 

longer the distance and the duration are, the higher the percentage of speeding. This conclusion can be interpreted 

by the fact that drivers are familiar with the conditions of the road environment and, in order to travel faster and 

reach their destination more quickly, they speed up, resulting in exceeding the speed limits. Additionally, it should 

be highlighted that the variable of harsh accelerations seem to affect the percentage of speeding while driving in a 

negative way, as the higher the number of harsh accelerations, the higher the speeding percentage while driving.  

 

However, there are some limitations and restrictions that should be mentioned. More specifically, the influence of 

weather conditions or traffic conditions is omitted from the present study, as only the driver data were available. 

Taking into consideration that drivers react differently under different circumstances with respect to weather and 

traffic conditions, it is of great interest to investigate speeding using weather, traffic and driver data.  

 

The investigation of other significant factors can also be included in future research, such as the presence of a 

passenger, alcohol consumption and the use of seat belt. Based on the passenger experience and their relationship 

to the driver, they can have a different influence on the driver and as a result the driver will react either carefully 

or recklessly while driving. In addition, alcohol consumption and the seat belt use constitute two of the high risk 

factors that cause road crashes.  

 

Concluding, it is expected that this research can provide considerable gains to the society, since the stakeholders 

including policy makers and industry could rely on the results and recommendations regarding risk factors that 

appear to be critical for safe driving. As for further research, the examination of additional methods of analysis are 

proposed, such as factor analysis, logistic regression as well as microscopic data analysis of the database collected 

could be implemented through econometric techniques such as time-series analysis. Future studies would also 

benefit from exploiting more advanced technological equipment for recording the in-vehicle driving behavior such 

as precise GPS equipment, radars measuring the reaction time and headways as well as cameras inside and outside 

the vehicle. However, these solutions sometimes come at considerable costs, resulting in the investigation of 

affordable and ergonomic ways of monitoring and assessing driving behavior. 
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