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ABSTRACT 
In recent years, the study of aggressive driving behavior has 
reached interest due to its correlation with traffic accidents. Traffic 
accidents are considered the third cause of deaths in the United 
States. Prior research has reported the possibility to estimate 
aggressive driving style using in-vehicle data (e.g., acceleration, 
speeding, lane changes, among others). However, traffic violations 
have not yet been considered in the analysis of aggressive driving 
style. This paper proposes a model to estimate driver’s aggressive 
driving style by considering aggressive events from in-vehicle data, 
and traffic violations data using a fuzzy logic model. In-vehicle 
data and GPS data from twenty-five drivers in different routes 
were collected, to generate a fuzzy logic model that captures 
aggressive events and traffic violations. We validate these results 
by comparing the results between the fuzzy logic model and 
human experts scores, showing an accuracy of 0.84 and a recall of 
0.8974. Future work should consider to revise the rules and 
membership values to improve misclassification errors. 
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1. INTRODUCTION 
Reports from World Heal Organization (WHO) estimate that 
approximately 1.2 million people die every year because of road 
traffic crashes in the world. Traffic crashes not only cost people’s 
lives but are also expensive; they cost roughly 3% of the gross 
domestic product (GDP) of countries [18]. Research suggests that 
90% of traffic crashes are caused by risky driving behaviors [21]. 
For instance, a report presented in [4] stated that in the United 
States, aggressive behavior is the principal cause of crash vehicles. 
An aggressive driver, which is motivated by his impatience, 

annoyance, hostility and an attempt to save time [23], is likely to 
increase the risk of collision. Therefore, it may be beneficial for 
governmental institutions to explore low-cost and easy-to-deploy 
solutions by looking at driver’s aggressive driving behavior, 
aiming at improving his awareness when driving too aggressively. 
Many studies have established some behavioral factors that point 
to "safe" or "unsafe" driving styles, using diverse approaches to 
better understand driver’s behavior [10, 12]. The two most 
common approaches to determine the aggressive driving behavior 
of drivers is through self-report and data-driven. In a self-report 
approach, it is common to analyze the aggressive driving behavior 
through data collected from questionnaires regarding the driver’s 
emotional states (e.g., anger, irritation, frustration) or motivational 
states (e.g., boredom, competition, punishment) [6, 12, 15]. 
Whereas, the second approach tries to automatically model 
driver’s behavior through Artificial Intelligence (AI), Statistics or 
Machine Learning (ML) techniques. These techniques use driver 
events as inputs (e.g., speed, acceleration, the distance between 
cars, lane changes, etc.) [3, 16] to classify driver’s aggressive 
behavior. Whilst the first approach could be considered cheaper 
and easy to deploy, responses are subjective, which may not 
provide realistic data [2, 7]. On the other hand, models from 
statistical and artificial intelligence techniques may be more 
reliable, due to the use of driver’s in-vehicle data, which may yield 
in a better representation of driver’s styles. Thus, in this paper, we 
focused our analysis by following a data-driven approach, as we 
are aware that vehicles now are equipped with modern sensors, 
and these are becoming cheaper as technology improves. 
Several studies have reported diverse models to identify aggressive 
driving styles, using data from Global Positioning Systems (GPS), 
accelerometer, video recordings, and On-Board Diagnostics 
(OBD2) sensors [16]. From these input data, most of the studies 
have mainly identified unsafe driver events such as speeding, 
quick lane changes, and sudden accelerations, with the intention to 
automatically classify the driver’s aggressiveness [25]. However, 
few studies have considered traffic violations data as an unsafe 
driver event to determine aggressive driving behaviors. 
Traffic violations are considered an unsafe driving behavior that 
causes high percentages of traffic accidents. During 2016, in the 
United States there were 10.111 traffic fatalities caused by 
speeding, and represent the 27% of deaths due to traffic accidents 
[1]. Thus, incorporating traffic violations to the analysis may give 
us a better understanding of aggressive driving behaviors, by 
relying not on only in the analysis of in-vehicle data but also 
adding contextual information of the road and safety driver’s 
behavior. 
This work aims to develop an offline fuzzy logic system to 
estimate the aggressive driver’s style considering traffic violations 
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and aggressive events. To this end, we propose a model that takes 
the following input variables: i) average accelerations and 
decelerations events, number of sudden accelerations and 
decelerations; and, ii) traffic violations values from a previous 
model, reported in [8]. We validate our model by comparing the 
results of the fuzzy model with the evaluations of external experts. 
This work is explained as follows: Section 2 describes previous 
work on aggressive driving style and background on fuzzy logic 
models. Section 3 presents the methodology, data collection, the 
design and implementation of the proposed fuzzy model. Section 4 
reports the results obtained from the model, and finally, in Section 
5, we present the conclusions and future work to generalize our 
results. 

2. PREVIOUS WORK 
In this section, we describe previous work on aggressive driving 
style, making emphasis on the variables that have been used to 
estimate driving styles. Also, we provide a brief explanation of 
fuzzy logic models and how they have been applied in automobile 
research topics. 

2.1 Aggressive Driving Style 
A report presented in [4] stated that driver’s aggressive style is the 
principal cause of car crashes in the United States. The aggressive 
driving style is a behavior that increases the risk of collision. This 
behavior can be due to driver’s impatience, annoyance, hostility or 
attempts to minimize traveling time [11]. The aggressive driving 
style is the driver’s categorization through unsafe events such as 
speeding, quick lane changes and suddenly accelerations and 
decelerations [3]. 

In [19], the authors presented a system to classify the aggressive 
driver behavior into two categories, either safe or risky. Authors 
calculated sudden accelerations, sudden braking, and sharp turns 
as input variables. They built a Support Vector Machine (SVM) 
model, yielding an accuracy of 0.709 and recall of 0.833. 

In another work proposed by [14], authors developed a system to 
classify aggressive behaviors for elderly and young people. Lateral 
accelerations information was extracted from driver’s vehicle. 
Thus, to detect the driver’s aggressiveness profile, a Gaussian 
Mixture Model (GMM) and a Periodogram method were used to 
identify significant periodicities in the data. 

Another study presented in [11], implemented a model to evaluate 
drivers who show an driving style. Information from the vehicle 
was obtained such as longitudinal/lateral acceleration values, 
speed, engine RPM values, and turn events. Then, authors derived 
a set of events such as start, stop, speed, turns and maximum 
engine RPM. Authors reported a Bayesian classifier to predict the 
driver’s aggressive style with an average accuracy of 90.5%. 

In summary, the most used variables are derived from the 
vehicle’s acceleration such as average acceleration and 
deceleration, lateral accelerations and sudden acceleration and 
braking. There-fore, in this study, we report the use of similar 
input variables that will feed our fuzzy logic model. 

2.2 Fuzzy Logic 
Fuzzy Logic is a branch of Artificial Intelligence (AI), which is 
characterized for considering uncertainty in the data by adding 
truth and false concepts from common logic to a machine-
generated model [17]. To design a fuzzy logic model, we need to 
follow three steps: 1) Fuzzification: this stage defines the 
membership functions and linguistic variables of the inputs. 2) 
Rules Evaluation: in this stage, we will apply the fuzzy logic rules 

to calculate the output; and, 3) Defuzzification: and finally, in this 
step, a fuzzy inference system (FIS) converts the output to a crisp 
result [22]. The two most used types of FIS are Takagi-Sugeno 
Fuzzy Model (Sugeno) and Mamdani Fuzzy Inference System. 
While Mamdani may capture human input better, Sugeno is more 
computationally efficient than Mamdani [9, 13]. 

Fuzzy logic models using in-vehicle data have been investigated in 
prior works. Some seminal works have studied the how the driving 
style affects the fuel consumption, by evaluating the performance 
drivers [24]. Dörr et al. [5] proposed an online model using fuzzy 
logic to characterize driver styles, reporting an accuracy of 0.68. 
Also, in work presented by Aljaafreh et al.[3], the authors 
proposed a fuzzy system to classify aggressive driving using driver 
style. They categorized the driver style using the following 
categories: below normal, normal, aggressive, and very aggressive. 
Authors analyzed the driver’s aggressive patterns using the 
Euclidean norm of the longitudinal and lateral accelerations and 
deceleration values; and speed, as input variables of the system. 
The system was built using fifteen fuzzy rules by analyzing events 
of an aggressive driver that match with the category of a driver. 
This work can be considered the most related one to our approach. 
However, we want to go further, by considering not only 
acceleration features, but also by adding traffic violations, which 
are also considered critical for modeling driving styles behavior. 

In summary, this work proposes to model a fuzzy logic system to 
capture driving styles using in-vehicle data. Besides, we 
incorporate traffic violations data (speeding), with the aim of 
adding road information from traffic signs. In the next section, we 
explain in detail how we designed and validated the fuzzy logic 
system. 

3. METHODOLOGY 
This study aims to estimate the driving style, through in-vehicle 
data based on acceleration and traffic violations using a data-
driven approach. In this work, we propose an offline fuzzy logic 
model, giving the capacity to work with uncertainty data and 
computer’s faster processing. Figure 1 depicts an overall 
architecture of the model. For instance, we can see that data logs 
from traffic signs and in-vehicle data feed a Traffic Violations 
Model. This model was presented in a previous work [8], in which 
we estimated traffic violations from in-vehicle data. The output of 
the model is a value between 0 and 1, in which 0 means that a 
driver has moderate traffic violations and 1 means a high level of 
traffic violations. Thus, the result of this model will serve as an 
input variable. Next, in-vehicle data measures are calculated, 
giving us a set of input variables. Then, these input variables will 
feed the Fuzzy Inference System. Finally, the output will be one of 
the three linguistic labels that capture the driving style. Below, we 
explain the design of the fuzzy logic model and the experimental 
setup to test our model. 

3.1 Design of the Fuzzy Logic Model 
The fuzzy logic model that will estimate the driving style is per-
formed by a data-driven approach, motivated by the previous 
works (see section 2) and the advice of experts. Our fuzzy model 
was designed using a Sugeno FIS, and it was implemented using 
the MATLAB tool1. We decided to use Sugeno FIS because it 
gives faster results than other FIS [9, 13]. Thus, we defined: 1) a 
set of variables to serve as inputs of the model and its membership 
functions; 2) a set of linguistic labels to define the output of the 
model and, 3) a set of rules to represent the fuzzy model based on 
the input variables and the linguistic labels. 
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Figure 1. Architecture of the driving style model 
Inputs and Membership Functions: From previous works, we 
identified that the most used feature to determine aggressive 
events was the acceleration (see Section 2). Figure 2 (first column) 
depicts a total of five input variables that will feed our model. The 
first two input variables correspond to the average acceleration 
(AvgAcc) and deceleration (AvgDec), which will be calculated 
from the driver’s acceleration from the whole route. 

The third and fourth input variables correspond to driving events 
such as harsh acceleration (EventAcc) and braking (EventBrake). 
We measure this inputs when the value of instant acceleration 
exceeds a threshold assigned. The thresholds needed to detect 
these two event types have been taken from [20]. Furthermore, we 
add three different threshold levels depending on the traffic flow, 
as shown in Table 1. Our motivation for this was that it is not the 
same to drive in an overcrowded route rather than in a clear route. 
For example, if the route is overcrowded, the vehicle cannot 
accelerate faster; and therefore, we would assign a threshold of 1 
(m/s2) for this route. Thus, we end up with an input variable 
EventAcc, which counts the number of occurrences when the 
instant acceleration takes one of the threshold values (harsh 
acceleration) depending on the assigned level; and another variable 
EventBrake, which counts on the negative values of the instant 
acceleration (braking). 

Table 1. Thresholds defined for harsh accelerations and 
brakes 

Event types Threshold of traffic flow 

Low Medium High  

EventAcc a >= 2 m/s2 a >= 1.5 m/s2 a >= 1 m/s2 

EventBrake a >= -2 m/s2 a >= -1.5 m/s2 a >= -1m/s2 

 

The fifth input variable relates to the output of Traffic Violations 
Model, which estimates the traffic violations, based on the driver’s 
over speed and the severity of infraction (see [8] for details). 

Figure 2 shows the linguistic labels assigned to each input variable 
(column 2) and its membership function (column 3). We applied 
triangular and trapezoidal membership functions due to its easiness 
to assign interval values to a linguistic label for each input. For 
example, the first input variable ’AvgAcc’ has 
associated ’Low’, ’Normal’ and ’High’ linguistic labels. Moreover, 
from the member-ship function we can see that the ’Low’ 
linguistic label is linked with values from 0 to 0.65; ’Normal’ is 
associated with values from 0.4 to 0.9; and ’High’ is associated 
with values from 0.65 to 1.2. 

Rules: When designing fuzzy logic systems, we should be aware 
that the number of rules determines the time response of the model. 

As our ultimate aim is to develop an online system to detect 
driver’s style, we decided to have the minimum number of rules. 
Thus, we ended up with eight rules, as depicted in table 2. For 
example, in rule number 1, we can see that the antecedent relates 
with EventAcc and AvgAcc input variables. If both variables yield 
a value of ’high’ after being evaluated from its membership 
function, then the consequent will be ’aggressive’. 

 
Figure 2. Input variables description with their linguistic 

labels and membership functions 
Table 2. Rules defined from inputs variables 

Rules Antecedents Consequent 

1 EventAcc 
AvgAcc 

High 
High 

 
Aggressive 

 
2 EventBrake 

AvgDec 
High 
High 

Aggressive 
  

3 AvgAcc Low Calm 
4 EventAcc 

EventBrake 
High 
High 

Aggressive 
  

5 AvgDec 
EventBrake 

Low 
Low 

Calm 
  

6 AvgAcc 
AvgDec 

Normal 
Normal 

Normal 
  

7 Traffic Violations Very High Aggressive 
8 Traffic Violations Low Calm 

 
Output: We determined three linguistic labels to estimate the 
driving style, namely calm, normal and aggressive; and each label 
has a constant membership function from 0 to 1. Table 4 
summarizes the thresholds used to link the corresponding 
linguistic label with the constant membership function. For 
instance, if the model estimates a value between 0 to 0.35, the 
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driving style will be assigned as ’calm’. Instead, if the model 
estimates a value between 0.35 to 0.70, the driving style will 
be ’normal’. Finally, if the value is between 0.70 to 1, the driving 
style will be ’aggressive’. 

3.2 Simulations 
To test the design of the fuzzy model, we carried out a sensitive 
analysis by generating a dataset (n=60) from expert’s knowledge 
and equally distributing of the data with three possible outputs of 
the model (i.e., calm, normal and aggressive). The model has an 
accuracy of 78% based in the simulated data. Table 3 shows the 
confusion matrix, and the most errors occur in the case of normal 
driving style.  

Table 3. Results of the test with simulated data 

 Calm Normal Aggressive 

Calm 16 4 0 

Normal 3 14 3 

Aggressive 0 3 17 

 

3.3 Equipment and Data Collection 
Data from traffic signs were logged previously to the 
experimentation. One of the researchers drove the selected route 
and logged in the GPS position of the traffic sign with a 
smartphone and the traffic sign value (e.g., 50 Km/h). As this step 
was manually done, we foresee that in the future, automatic data 
capture can be applied using additional sensors (e.g., extract traffic 
signs from real-time video cameras). 
Two devices were used to collect the in-vehicle data: an OBD2 
device, plugged in into the car; and a smartphone with Torque 
application installed2. The OBD2 captures and send the speed of 
the vehicle to Torque, via Bluetooth. Besides, Torque saves the 
position (latitude and longitude) and the timestamps from the 
smartphone, so we assume that the position of the smartphone is 
the position of the vehicle. Thus, for each driver, we capture the 
speed data and vehicle GPS. 

3.4 Experiment Setup 
The proposed model is determined by a data-driven approach. 
Hence, we first collected the data from two experiments, in two 
different contexts. Next, we defined our linguistic labels and the 
membership functions values that will feed the fuzzy logic model. 
Finally, to validate the data-driven model design, experts were 
asked to evaluate drivers to then compare the results given by 
them and the model. 

3.4.1 Experiment 1 
Fifteen drivers (9 males, 6 females), from 24 to 56 years old, with 
non-professional driving license, participated in this experiment. 
This experiment was carried out in Guayaquil city. We selected a 
route with a duration of 25 minutes approximately, an average 
distance of 19 kilometers and 23 speed limit signs (e.g., 40 Km, 70 
Km, 90 Km) including different types of routes (e.g., highways, 
suburban roads and urban roads). Traffic flow plays an important 
role in the estimation of driving styles due to the limitation or 
freedom of the driver to accelerate. Since the data collection with 
drivers were done in a ’Low’ traffic flow context, we selected a 
threshold of 2 m/s2 (see table 1) for EventAcc and EventBrake 
variables. 

3.4.2 Experiment 2 
Ten drivers (all males), from 25 to 55 years old, with a non-
professional driving license, participated in this experiment. This 
experiment was carried out in Madrid city. We selected a similar 
route as to experiment 1. This route had a duration of 23 minutes 
approximately, an average distance of 17 kilometers and 23 speed 
limit signs (e.g., 40 Km, 70 Km, 100 Km) including different types 
of route (e.g., highways, suburban roads and urban roads). For this 
experiment, we selected a threshold of 1.5 m/s2 for EventAcc and 
EventBrake variables, since the route had a ’Medium’ traffic flow. 

3.4.3 Human Evaluation 
Human experts were asked to evaluate each driver’s style using a 
score from 0 to 100, being 0 the lower and 100 the higher score for 
the driving style. All experts have been working in automobile 
research related areas. Six and nineteen experts evaluated the 
driver’s style from the input variables (see the input column from 
Figure 1) collected in the experiments 1 and 2, respectively. Next, 
the inter-rater reliability coefficient was calculated from the human 
evaluations. The ICC from the six experts was 0.921, and the ICC 
from the nineteen experts was 0.934. These coefficients denote 
good reliability for the evaluation made by humans. The average 
score of the human evaluation per driver was considered as the 
ground truth. 
To have the same criterion as the fuzzy logic model, we 
discretized the scores of the experts, first by scaling down the 
score into a [0,1] interval and then by applying the fuzzy logic 
output thresholds. Table 4 describes the thresholds and the final 
distribution of drivers per driving style label. 

Table 4. Thresholds and distribution of drivers per driving 
style 

Labels Thresholds Distribution 

Calm [0 , 0.35] 2 

Normal [0.35 , 0.70] 13 

Aggressive [0.70 , 1] 10 

 

4. RESULTS AND DISCUSSION 
Our fuzzy model was able to estimate the driving style with 84% 
of accuracy and recall of 89.74%. All drivers that were evaluated 
as calm and aggressive were correctly classified by the model. By 
contrast, from the normal driver’s category, 16% were 
misclassified. Moreover, the Kappa coefficient was 0.828, which 
indicates a similarity agreement between the experts and the model. 
Analyzing the scores (0 to 1 interval) given by the fuzzy model 
and experts, we observed that experts (avg.=0.624, stdev.=0.189) 
and fuzzy model (avg.=0.614, stdev.=0.232) gave similar scores. 
These results suggest that our model is capable of mimicking the 
expert’s knowledge. Eventually, to avoid misclassification errors, 
the rules and the values from the membership functions 
with ’Normal’ label should be further revised. 
Also, it is worth to note that, even that a driving style approach 
may be considered suitable for classification purposes, it lacks to 
deter-mine why a driver is considered aggressive or not. To 
overcome this problem, self-report measures may be considered in 
the analysis of aggressive styles, aiming for a holistic approach. 
For instance, to measure emotional states, we could compare the 
perceived state from drivers and our model. 
A limitation of this study is the small sample of drivers to test our 
model. More data is needed, specifically for ’calm’ drivers, to 
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generalize our results and improve the fuzzy model. Moreover, 
from the distribution of drivers per driving style, we can see that 
experts tend to evaluate drivers either as ’normal’ or aggressive’. 
That is, possibly the results of the evaluation of the experts may be 
biased. 

5. CONCLUSION 
This work proposed a fuzzy logic model to estimate driving styles 
using a data-driven approach. The fuzzy model was designed using 
a Sugeno FIS, with eight rules and, five input variables from in-
vehicle data, including traffic violations. In contrast with prior 
studies from the literature that use self-report measures, we 
validated our fuzzy model from experts’ evaluation, which was 
considered the ground truth. Our model was capable of classifying 
the driver’s with an accuracy of 84%, suggesting that a driving 
style approach may be beneficial for this context. However, more 
data need to be collected to generalize our findings. 
As future work, we can improve the system by introducing more 
unsafe events such as tailgating or lateral accelerations, which are 
also good descriptors of driving styles. We can also improve and 
automate the design of the fuzzy logic model by creating the 
inference rules through artificial intelligence techniques, such as 
neural networks or genetic algorithms. 
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