
How does the built environment affect driver behaviours? A 
methodological framework for large-scale analysis that combines Onboard 
Diagnostic and Geographical Data to promote Road Safety

V. Nicolosi a,* , M. Mameli b, S. Shiralizadeh b, I.G. Coltea b, M. D’Apuzzo c , G. Cappelli a,c

a University of Rome Tor Vergata, Depatment of Enterprise Engineering „Mario Lucertini“, Via del Politecnico 1, 00133 Rome, Italy
b Key 2 Business S.r.l., via del Viale dell‘Esperanto 71, 00133 Rome, Italy
c University of Cassino and Southern Lazio, Department of Civil and Mechanical Engineering, Via G. Di Biasio 43, 03043 Cassino, Italy

A R T I C L E  I N F O

Keywords:
On-board Diagnostic (OBD)
Geographic data
Driver behaviors
Road safety
Data fusion
Multi-layer perceptron (MLP) neural network
Shapley additive explanations (SHAP) analysis

A B S T R A C T

Background: Driving behaviours are a set of actions made by drivers during their driving tasks and could be 
detected with the help of onboard sensors in vehicles. The interest from researchers in evaluating fuel con
sumption and enhancing overall safety has increased in recent years, thanks to the availability of algorithms and 
methods that can manage the large amount of data obtained from sensors.
Method: In this paper, both Onboard Diagnostic (OBD) data from the DDD20 dataset and open-source Geographic 
Data are used to study driver behaviours. After the preprocessing phases, a Multi-Layer Perceptron (MLP) 
classifier is used to classify driver behaviours, and a Shapley Additive Explanations (SHAP) Analysis is imple
mented to perform feature selection.
Results: Three models are created: the first combines OBD and geographical data, the second is based only on 
geographical data, and the last one contains a reduced subset of features retrieved from geographical data. The 
model with a reduced number of features shows good prediction accuracy, comparable with the full previous 
models. In addition to that, SHAP analysis highlights how the presence of schools, hospitals, bridges, parking, 
subways, cycleways, and footways increases the likelihood of having aggressive driver behaviour.
Conclusions: This study aims to show how the external context influences driver behaviours and to create a 
methodological framework for future developments in road safety. The model that uses only open-source 
geographical data with a reduced number of features is particularly suited for large-scale analysis in the 
context of road safety.

1. Introduction

Identifying the driver profile, which allows for categorizing driver 
behaviour [1,2], may ensure road traffic safety and reduce energy 
consumption. The terminology driver profile usually refers to a group of 
drivers that share similar driving characteristics and behaviours, while a 
driving pattern could be defined as a specific behavior that occurs often 
among one or more drivers [3].

Shahverdy et al. [4] define driving behavior as the set of actions 
exhibited by individuals during driving tasks, which can be categorized 
into safe, aggressive, distracted, drowsy, and drunk driving. To effec
tively perform this classification, both non-visual indicators (such as 
vehicle speed and acceleration [5–7] and visual cues (including eye 

movement patterns [8,9]) are considered valuable. As highlighted by 
the same authors [4], due to the high complexity of the classification 
task, alongside the large amount of data required, machine learning 
algorithms are among the most commonly adopted approaches for 
behavior classification, given their ability to process and interpret large 
volumes of data collected from vehicle sensors and onboard systems.

Thanks to the introduction of effective computer technologies and 
digitalized and connected vehicles, alongside machine learning algo
rithms and Information and Communication Technology (ICT), the 
mechanisms behind driver behaviours have been highlighted and 
discovered [10]. According to some authors, 90 % of road accidents 
could be attributed to driver behavior [1,11,12], so it is crucial to be 
aware that drivers make mistakes [13,14] and understanding road 
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human behavior is key to improving road safety.
Another aspect that is related to road safety is fuel consumption. 

There is evidence in the current literature review that highlights how 
eco-driving profiles reduce both fuel consumption and risky driver be
haviours [15–17].

According to Yen et al. [16], safe and low speeds, calm behavior 
during the driving task, in addition to appropriate route planning, are 
some of the most important contributory factors related to both safety 
and fuel consumption issues. An economical and “sustainable” driving 
style, characterized by smooth acceleration without sudden, huge, and 
frequent accelerations, may lower fuel consumption up to 4.83 l/100 km 
[18]. On the contrary, more frequent and higher acceleration, typical of 
a dynamic and “not-eco-friendly” driving style, could increase fuel 
consumption, reaching the mean value of 6.15 l/100 km. The key role of 
cinematic variables is also highlighted in the study of Graba et al. [19]: 
the authors found that the energy consumption increases by 0.15 J (kg 
m)-1 for each increment of 0.1 m/s2 of the mean acceleration.

Several data sources could be used in the driver behavior profiling 
phase. Surveys and questionnaires, driving simulators, site-based 
observation, and naturalistic studies are the most common data sour
ces for identifying driver profiling [20]. Surveys and questionnaires 
have often been used in the past and are based on self-reported data 
[21]. The main drawback related to such data is their subjectivity, and 
for this reason, they are not often considered valid by researchers [22,
23]. On the other hand, a driving simulator represents a way to collect 
data in a safe and controlled environment [24]. As criticized by some 
researchers [25,26], participants tend to behave in a driving simulator 
differently than in a real driving scenario [25] and pursue more 
aggressive driving behaviour [26]. To close the gap between a simulated 
and real scenario, naturalistic driving studies are conducted in a real 
environment and under uncontrolled conditions [20,21]. In this setting, 
data on drivers, vehicles, and the external environment are collected 
[27]. Lastly, in site-based observation [21], cameras are mounted on the 
building or on the traffic lights to collect data on drivers [20]. As 
highlighted in the scientific literature, this data is not particularly pre
cise, and the selection of specific sites could be detrimental to the 
generalization of driver behaviors [20,26].

The increased attention paid to driver behaviours could also be 
explained by the spread and improvements of sensors and equipment for 
the collection of the needed data [28–30]. Usually, these sensors are 
classified into three categories [10,31]. The first category refers to 
in-vehicle data recording systems based on Controller Area Network Bus 
(CAN bus) and On-board Diagnostic (OBD) interfaces [32]. Smart
phones, and especially built-in sensors such as accelerometers, gyro
scopes, GPS, and magnetometers, are often implemented in data 
collection phases due to their widespread availability and reduced costs 
compared to other technologies [33]. According to Okmi et al. [34], in 
their literature review, the authors find that recently there has been a 
huge growth of studies that use mobile phones (equipped with reliable 
sensors) to study human mobility in different contexts, from health 
monitoring to urban planning [35]. Lastly, it is worth mentioning 
behaviour detection methodologies that are based on real-time models, 
in particular, Machine Learning algorithms [24]. According to the cur
rent literature [36,37], due to the high amount of data generated by 
sensors and equipment, the most implemented analysis methods, after 
the pre-processing phase, are Decision Tree, Support Vector Machines 
(SVMs), Bayesian Learners, Ensemble Learners, Fuzzy Logic, K-Nearest 
Neighbour and Neural Networks to classify driver behaviours and styles.

Several functions in vehicles are monitored through electronic con
trol units (ECUs) [38]. All these units interact with the area network 
(CAN) [39,40], and the onboard diagnostic module (OBD) gets all the 
data from the ECUs [41,42]. The data gathered from the OBD are often 
used to classify driver behaviours [42–44] and to evaluate fuel con
sumption [10,45,46]. The huge amount of data generated from sensors 
is usually handled with the implementation of Machine Learning Algo
rithms, which can face this complexity [10,47,48].

In line with the current literature, this paper aims to study and 
classify driver behavior using data collected through OBD. Specifically, 
the DAVIS Driving Dataset 2020 (DDD20) is utilized to fulfill this task. In 
addition, this dataset is enriched with geographical data to explore po
tential relationships between environmental characteristics and driver 
behaviors. Three different Multi-Layer Perceptron Neural Network 
Models are implemented to perform the classification: the first model 
(Model 1) combines OBD and geographical data, the second one (Model 
2) only geographical data, and the last one (Model 3) only geographical 
data with a reduced number of features. In addition to that, Shapley 
Additive Explanations (SHAP) Analysis is performed to highlight the 
role of the single contributory factors and assess whether models that 
rely only on geographical data could be reliable in the driver behaviour 
prediction task.

2. Method

This section proposes the overall methodology applied to identify 
driving styles in a geographical area (see Fig. 1). The overall model is 
based on using OBD data from DDD20 to analyze and label driving 
styles. Road information is added to this dataset by using Open
StreetMap (OSM), and weather information can be retrieved from the 
OSM system [49] and via APIs from the selected meteorological portal 
[50].

After collecting all the information, different pre-processing pro
cedures for each data source are applied to create the input structure, 
used to train a reliable model able to identify driving styles based on 
road context information. After the first training, the Shapley Additive 
exPlanations (SHAP) technique is applied as part of the feature selection 
process to identify the most influential features to check for the model’s 
ability to identify possible driving styles in the road context.

Finally, only the most influential features are selected to re-train the 
model, to make a light and accurate model with this reduced subset of 
features. The following sections will discuss in detail the main steps 
shown in Fig. 1.

2.1. Dataset description

As the first step of the method described in Fig. 1 in the previous 
section, data collection represents one of the most crucial aspects of 
every research. The structures, the dimensions, and the features that are 
included affect the methodology, models, and techniques to implement 
in the process analysis. In this paper, two main datasets are used to study 
driver behaviour. The first is data from OBD devices, which provide 
detailed vehicle measurements, including actual speed, engine rotation 
per minute (RPM), fuel level, and engine temperature. The second 
dataset is obtained from OpenStreetMap, which includes spatial infor
mation such as GPS coordinates, altitude, estimated speed, and 
contextual data on the road network (e.g., speed limits, type of road).

Regarding the OBD data, a comparative analysis of the main dataset 
available is performed to highlight and then choose the most adequate 
dataset. After this preliminary analysis, the DDD20 dataset was chosen 
[51]. The DDD20 represents a comprehensive end-to-end driving data
set specifically designed for neuromorphic event camera research in 
autonomous driving applications. This dataset was developed to address 
the critical limitations of conventional cameras in challenging lighting 
conditions, where traditional vision systems often fail to provide reliable 
visual information for driving decisions. The main parameters that are 
included in the dataset are reported in Table 1.

DDD20 contains 51 h of recordings collected over approximately 
4000 km of different driving scenarios, representing a fourfold expan
sion from its predecessor DDD17. The dataset encompasses 1.3 terabytes 
of data captured using a DAVIS346B neuromorphic camera, which 
uniquely provides concurrent streams of both Dynamic Vision Sensor 
(DVS) brightness change events and Active Pixel Sensor (APS) intensity 
frames from the same optical pathway. The DVS component generates 
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asynchronous, timestamped address events triggered by local brightness 
changes at individual pixels, offering 120 dB dynamic range compared 
to the 60 dB range of conventional cameras. These events are trans
mitted with submillisecond latency and include pixel coordinates, 
brightness change polarity, and microsecond timestamps. The APS 
component captures standard grayscale intensity frames at variable 
rates between 8–50 fps using global shutter technology, with exposure 
duration optimized through auto-exposure algorithms targeting road 
surface visibility.

The data collection methodology employed a DAVIS346B camera 
with 346 × 260-pixel resolution mounted behind the vehicle windshield 
using a glass suction tripod. The camera utilized a 4.5 mm Kowa lens 
providing 71◦ horizontal field of view, optimized for capturing road 
features during turning maneuvers. Data acquisition was performed 
using custom Python software that synchronized multiple data streams 
through system timestamps, with camera data precision-timestamped at 
the microsecond level.

Vehicle telemetry data was concurrently captured at approximately 
10 Hz through OpenXC Ford Reference vehicle interfaces connected to 
the CAN bus of test vehicles, including a 2015 Ford Mondeo for Euro
pean recordings and a 2016 Ford Focus for US recordings. This telemetry 

encompasses comprehensive driving parameters including steering 
wheel angles up to ±720◦, vehicle speed, accelerator pedal position, 
brake pedal status, engine speed, transmission gear position, and envi
ronmental indicators such as headlamp and windshield wiper status. 
Critically, the dataset includes precise geospatial coordinates through 
latitude and longitude measurements along with odometer readings, 
enabling spatial analysis of driving behaviors.

The recordings span diverse environmental and temporal conditions 
across multiple geographic regions. Data collection occurred across 
rural highway driving under challenging sunlight glare conditions, 
urban environments in Los Angeles and San Diego, and demanding 
mountain highway segments, including Colorado’s Lizard Head Pass and 
California’s Angeles Crest Highway. Temporal diversity was achieved 
through systematic collection during daylight, evening, and nighttime 
conditions, with recordings distributed across approximately 60 days of 
intermittent data capture. The dataset comprises 215 individual re
cordings with durations ranging from several minutes to over one hour, 
with a median length of approximately 700 s.

The integration of DDD20 with OSM geographic data significantly 
enhances the dataset’s analytical capabilities by providing rich contex
tual information about the road environment. This geographic 
enhancement enables correlation of driving behaviors with specific 
infrastructure characteristics, including road type classifications, posted 
speed limits, and geometric properties of the roadway. The OSM inte
gration identifies the presence and locations of traffic control elements 
such as intersections and roundabouts, enabling detailed analysis of 
complex driving maneuvers and decision-making processes in chal
lenging scenarios. Furthermore, the geographic context includes prox
imity analysis to significant points of interest, including schools, 
commercial areas, residential zones, and other landmarks that may in
fluence driving patterns and behaviors. In Appendix A, all the features 
extracted from the OSM database and used as possible variables related 
to driver behaviour are reported and shown.

This enhanced geographic context transforms DDD20 from a pure 
sensory dataset into a comprehensive platform for understanding the 
relationship between road infrastructure, environmental conditions, and 
human driving decisions. The combination of high-precision neuro
morphic visual data, detailed vehicle telemetry, and rich geographic 
context enables researchers to investigate how different road charac
teristics and environmental factors influence driving strategies, 

Fig. 1. Flow chart of the proposed methodology.

Table 1 
Main available parameters in the DDD20 dataset with a description from the On- 
Board Diagnostics (OBD).

Feature Description

Mean accelerator pedal position Average percentage of accelerator pedal 
pressure

Mean engine speed Average engine rotations per minute (RPM)
Mean vehicle speed Average velocity of the vehicle
Mean torque at the transmission Average torque delivered to the transmission 

system
Number of gear position changes Count of transmission gear changes
Brake pedal status variations Number of brake pedal state changes
Fuel consumption difference Variation in fuel consumption
The sum of accelerator position 

variations
Cumulative changes in accelerator pedal 
position

The sum of vehicle speed variations Cumulative changes in vehicle speed
The sum of engine speed variations Cumulative changes in engine RPM
The sum of steering wheel angle 

variations
Cumulative changes in steering angle
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particularly under the challenging lighting conditions where event 
cameras demonstrate clear advantages over conventional vision sys
tems. The dataset’s proven effectiveness has been demonstrated through 
steering prediction experiments, where fusion of DVS and APS data 
achieved an explained variance of 0.88 for human steering prediction, 
significantly outperforming single-modality approaches and establish
ing DDD20 as a valuable resource for advancing neuromorphic vision 
research in autonomous driving applications.

2.2. Preprocessing

Data pre-processing ensures that data is clean, structured, and ready 
to be analyzed, improving the reliability and effectiveness of analyses 
and models. This section explores the main pre-processing operations 
needed to analyze data effectively, considering both the requirements of 
statistical algorithms and Machine Learning models.

When analyzing data from OSM and OBD devices, it is essential to 
ensure that the information is structured to preserve temporal consis
tency and optimize the use of different data sources. Two operations 
crucial for this objective are sorting and resampling.

Data sorting is particularly important when combining datasets from 
different sources, such as OSM and OBD, in particular synchronizing 
data sources, calculating time dynamics (e.g., accelerations or de
celerations), and segmenting trips or driving sessions.

Resampling consists of realigning the data of the various features to 
the maximum frequency available, ensuring time consistency and 
improving the quality of subsequent analyses. Data from OSM and OBD 
may have different acquisition frequencies.

An unsupervised labeling method using the K-means algorithm has 
been employed to classify driving styles [52]. This technique was 
selected for its ability to uncover natural behavioral patterns in the data 
without predefined labels.

The labeling process involves two primary phases. In the first phase, 
K-means clustering is applied with k = 3 to categorize driving behavior 
into three main classes: normal, dangerous, and safe driving, as shown in 
Table 2. This initial classification groups similar driving patterns based 
on features derived from OBD data.

The second phase assesses the influence of each feature using a 
ranking system, where scores from 1 to 3 are assigned by comparing 
feature means across clusters. This process quantifies each feature’s 
significance in distinguishing driving styles and ensures the classifica
tion’s reliability.

Other preprocessing stages involve the use of One-Hot Encoding [53] 
to convert categorical variables, such as weather conditions, road types, 
and points of interest, into a numerical format suitable for Machine 
Learning algorithms. The MinMaxScaler algorithm [54] is then 
employed to normalize all features within a 0 to 1 range, enabling fair 
comparisons between variables with varying scales.

2.3. Multi-Layer Perceptron Neural Network

The model used to perform classification is a Multi-Layer Perceptron 
Neural Network (MLP-NN), which belongs to the class of Feedforward 
Neural Networks. Neural Networks are often used as supervised classi
fication algorithms and work by emulating the brain’s neural process. 
These neurons are connected and elaborate the information that is then 
transmitted as output or to the other neurons [55]. This network is 

constituted essentially by three layers: input, hidden, and output layers 
[56]. Such types of neural networks are among the first introduced and 
are characterized by the fact that the information goes forward through 
several layers, without any feedback [57]. The MLP-NN works with a 
superposition of non-linear functions and which allows that the multi
layer structure can approximate nonlinear relationships between 
dependent and independent variables [55]. MLP-NNs are often used as 
reliable models in pattern recognition tasks and especially when the 
decision boundaries are not linear [58].

2.4. Shapley additive explanations (SHAP) for feature selection

The Shapley Additive Explanations (SHAP) analysis [59–61] is an 
advanced technique for interpreting and explaining machine learning 
models. It is based on cooperative game theory and uses Shapley values 
to assign the importance of each feature to the result produced by the 
model. This methodology is beneficial for understanding the behavior of 
complex models (e.g., decision trees, neural networks, or ensemble 
methods) and guiding practical decisions, as well as selecting the most 
relevant features to train a lighter model that allows efficient use of 
computational resources.

High-performance Machine Learning models (for example, Gradient 
Boosting or Deep Learning) are often "black boxes" and difficult to 
interpret. SHAP explains how features contribute to a specific output, 
making the model more interpretable to users.

Through the SHAP values, it is possible to quantify the importance of 
each feature consistently and intuitively. This allows the identification 
of the most influential features, which can be used to build a lighter 
model with a reduced number of features, that is simpler and less 
computationally expensive compared to the previous one.

3. Results

3.1. Model with OBD and geographical data (Model 1)

The Multi-Layer Perceptron Model (MLP) is utilized as a classifier to 
achieve the classification objective in this paper. In Fig. 1, the pattern of 
model learning over the 40 training periods is proposed. The blue loss 
curve shows a rapid initial decrease, starting from about 0.30 and sta
bilizing around the value of 0.02 after about 10 epochs.Fig. 2

This behavior is indicative of an effective learning process, where the 
model rapidly improves its predictive ability in the early stages of 
training. The red curve of the validation accuracy confirms this positive 
trend (see Fig. 3), showing a constant increase starting from values 
around 0.95 and reaching performances above 0.98 after the first few 
periods, then remaining stable with slight oscillations until the end of 
the training.

Fig. 4 offers a complementary perspective showing the evolution of 
performance as a function of the number of training examples used. The 
blue curve represents the score on the training set, while the orange one 
indicates the cross-validation score. Both curves converge towards very 
high values (greater than 0.98) as the training examples increase, with 
the training curve slightly higher than the validation curve. This pattern 
suggests a good balance between bias and variance. The model shows a 
robust generalization capability, as evidenced by the small difference 
between training and validation performance.

The confusion matrix (see Fig. 5) provides a detailed analysis of the 
classifier’s performance on the three classes: "dangerous", "moderate", 
and "safe". Overall, these results indicate that the MLP Classifier model 
achieved excellent performance in the classification task, with a very 
accurate discrimination capability between the three classes, reaching 
values above 97 % for the classification accuracy.

3.2. Model with only geographical data (Model 2)

The Neural Network’s performance analysis with contextual data 

Table 2 
Principal Behavioural Classes used for the labeling approach based on the K- 
means algorithm.

Cluster Description Count

0 Safe Driving 79,788
1 Normal Driving 25,027
2 Dangerous Driving 46,226
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alone demonstrates remarkable classification capabilities, suggesting 
that environmental and infrastructural features provide sufficient in
formation for reliable driving style prediction.

The training process, illustrated in Fig. 6, shows characteristic 
learning patterns, with the loss function rapidly decreasing from 0.40 to 
0.15 within the first 5 epochs, followed by gradual stabilization around 
0.08. The validation accuracy demonstrates steady improvement (see 
Fig. 7), starting from approximately 0.92 and reaching a plateau above 
0.96 in later epochs, with minor fluctuations indicating healthy model 
adaptability.

The learning curves, depicted in Fig. 8, reveal progressive conver
gence between training and cross-validation performance and an effec
tive generalization without overfitting.

The confusion matrix analysis demonstrates robust classification 
performance despite the absence of vehicle telemetry data (see Fig. 9) 
with high values of accuracy rate, starting from 91.8 %.

3.3. Feature analysis

The proposed SHAP method provides a detailed analysis of the 
relative importance of different characteristics in the classification 
model. The graphical output of this feature selection algorithm is 
particularly informative because it shows not only the impact of each 
feature on the model, but also how that impact varies across different 
feature values (see Fig. 10).

The characteristics are sorted by decreasing importance, with "poi 
school" (that indicates the number of nearby schools) at the top showing 
the most significant impact on the model. The distribution of SHAP 
values for this characteristic is wide, ranging from about − 0.2 to +0.4, 
indicating that the presence of a nearby school can significantly influ
ence risk classification in both positive and negative directions.

The second most influential feature is "slope" (that stands for the 
slope of the ground), which has an interesting bimodal distribution. This 
suggests that the slope of the ground has distinctly different effects 
depending on its severity, with some values contributing positively to 

Fig. 2. Trend of the loss function during the model training phase during several epochs.

Fig. 3. Trend of the accuracy during the model training phase during several epochs.
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risk and others negatively.
The characteristics related to infrastructures (presence of bridges, 

hospitals, and parking show moderate but significant impacts, with 
asymmetric distributions that suggest that their presence tends to in
crease the probability of certain classifications.

It is interesting to note that the driving characteristics, such as dif
ferences in steering wheel angle, mean engine speed, and brake pedal 
status, are in the central part of the ranking, with more contained but 
still relevant impacts. This may suggest that while environmental and 
infrastructural conditions play a predominant role, vehicle behavior 
remains a significant factor in risk assessment.

The characteristics at the bottom of the ranking, such as wind degree 
and circuity, show more limited impacts on the model, with distribu
tions more concentrated around zero, indicating a lesser influence on 
final predictions.

The blue-pink color in the graph adds an extra dimension to the 
analysis, allowing to identify how high (pink) or low (blue) values of 
each feature contribute to the final result. This is particularly evident for 
features such as "poi school" and "slope", where a clear separation be
tween the effect of high and low values can be observed.

The SHAP analysis of the scenario where the model has been trained 
excluding OBD data (Model 2) shows significant differences and reveals 
how the model adapts using available information differently (see 
Fig. 11).

The presence of bridges ("bridge") emerges as the most influential 
factor in the model’s predictions, with a distribution of SHAP values that 
extends significantly in both negative and positive directions. This 
suggests that bridges may represent both a risk and a safety element, 
probably depending on their specific structural and contextual 
characteristics.

The slope ("slope") is the second most important characteristic, 
showing an interesting distribution of SHAP values. The coloration of 
the dots indicates that higher gradients (in pink) tend to have a positive 
impact on risk, while more moderate gradients (in blue) help reduce it. 
This non-linear relationship effectively captures how the slope of the 
ground can affect road safety.

The presence of schools ("poi school") is the third most influential 
factor, with a distribution that suggests a significant impact on risk 
classification. The variability of SHAP values for this characteristic in
dicates that the specific context in which the school is located (distance, 
type of road, etc.) modulates its effect on risk assessment.

It is interesting to note that public service infrastructures ("poi hos
pital", "poi subway", "poi cycleway-footway") have a moderate but sig
nificant impact, with distributions suggesting differentiated effects 
according to the specific context. In particular, the presence of hospitals 
shows a bimodal distribution, indicating that they can influence risk in 
different ways depending on their location and accessibility.

3.4. Model with only geographical data and with a reduced number of 
features (Model 3)

In this section, a new model based on the results obtained after the 
optimization of the system through the selection of input variables by 
the SHAP methodology is proposed (Model 3).

Looking at the graph in Fig. 12, this trend suggests that the model, 
despite the reduction of features, maintains a good learning ability, 

Fig. 4. Trend of the training set score (blue line) and cross-validation score (orange line).

Fig. 5. Confusion matrix of the driving style classification model using a 
combination of OBD data and context data. The matrix shows that the model 
correctly classified 97 % of cases as "dangerous", 99.2 % as "moderate", and 98.9 
% as "safe". Classification errors are relatively small: 3 % "dangerous" cases 
classified as "moderate", 0.7 % "moderate" cases classified as "safe", and 1.1 % 
"safe" cases classified as "moderate".
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being able to effectively extract relevant information from selected 
characteristics. At the same time, the validation accuracy curve (in red 
in Fig. 13) shows a progressive increase, starting from values around 
0.86 and reaching a plateau above 0.90 in recent eras. The oscillations 
present in the validation curve, although more pronounced compared to 
the model with all features, remain small and do not indicate problems 
of instability in learning.

The Learning Curves in Fig. 14 provide a complementary perspec
tive, showing the evolution of performance as a function of the number 
of training examples. It is particularly interesting to note that both 
curves reach values above 0.89, with the Training score remaining 
slightly above the Cross-validation score, indicating a good balance 
between bias and variance. This suggests that the model, even with the 
reduced set of features, maintains a good generalization capability.

The confusion matrix (see Fig. 15) provides a detailed analysis of the 
classifier’s performance on the three risk classes. These results are 
particularly significant considering that they were obtained using only 
nine selected features. The model’s ability to maintain performance 
above 90 % in all classes demonstrates the effectiveness of the selection 

of features. In particular, the "dangerous" class, critically important for 
road safety applications, maintains an accuracy above 91 %, confirming 
that the selected environmental and infrastructure characteristics are 
sufficient to effectively identify situations of greatest risk. The slight 
degradation in performance compared to the full model is largely 
compensated by the greater simplicity and practical applicability of this 
reduced approach.

The analysis of the SHAP chart for the model with a reduced set of 
features provides a perspective on the relevance and impact of each of 
the nine selected characteristics in the model’s decision-making process 
(see Fig. 16).

The presence of schools ("poi school"), hospitals ("poi hospital"), 
slope ("slope"), and bridges ("bridge") maintains a significant influence, 
as it is shown in the previous section.

It is interesting to note that parking areas ("poi parking") show a 
moderate but well-defined impact, suggesting that these transition zones 
between vehicular and pedestrian mobility require special attention in 
risk assessment.

The weather conditions, represented by "wind_kph", show a more 

Fig. 6. Trend of the loss function during the model training phase with only context geographical data during the several epochs.

Fig. 7. Trend of the accuracy during the model training phase with only context geographical data during the several epochs.
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limited but still relevant influence, confirming the importance of 
considering environmental factors in road risk assessment.

The characteristics related to public transport infrastructure ("poi 
subway") and soft mobility ("poi cycleway-footway"), together with the 
"diameter" of roads, complete the picture showing more moderate but 
still significant impacts for a full risk assessment.

4. Discussion

The comparative analysis of the two SHAP graphs (see Fig. 10 and 
Fig. 11) offers interesting reflections on the relevance of the different 
characteristics in the two models and, above all, on the practicality and 

applicability of the model that does not use OBD data.
In the second model (Model 2), which does not use OBD data, 

environmental and infrastructure characteristics emerge as determining 
factors for risk classification. "Bridge”, "slope", and "poi school" are 
confirmed as the most influential features, with SHAP distributions 
showing a significant impact on both positive and negative predictions 
(see Fig. 11). This suggests that the model can capture effectively the 
complexity of the road context based solely on physical and environ
mental elements.

In the first model (Model 1), which includes OBD data, there is a 
redistribution of the importance of characteristics. While "poi school", 
"slope", and "bridge" hold prominent positions, variables such as "diff_
steering_wheel_angle" and "mean_engine_speed" are introduced, which 
provide information on the behaviour of the vehicle (see Fig. 10). 
However, it is significant to note that these OBD characteristics do not 
dominate the ranking of importance but integrate into the model with a 
comparable or lower influence than the main environmental 
characteristics.

A particularly relevant aspect emerges from the analysis of the 
magnitude of the SHAP values. In the model without OBD (Model 2, see 
Fig. 11), the values are distributed in a range from about − 0.1 to +0.3, 
while in the model with OBD, the range is slightly wider, from − 0.2 to 
+0.4 (Model 1, see Fig. 10). This relatively small difference suggests that 
the addition of OBD data does not lead to a drastic improvement in the 
predictive capacity of the model.

The model with a reduced set of features (Model 3) shows similar 
performance to the full model (Model 2). It is particularly relevant to 
observe how the reduced model maintains a pattern of errors similar to 
the full model, with a tendency to commit "conservative" errors. In fact, 
in both cases, the most frequent errors occur between adjacent classes 
(dangerous-moderate and moderate-safe), while there are practically no 
errors that jump directly from the class "dangerous" to "safe" or vice 
versa.

These results are extremely encouraging because they show that it is 
possible to achieve very similar performance using a considerably 
reduced set of features. The fact that the reduced model can maintain 
accuracy above 90 % for all classes, with a maximum loss of perfor
mance of the order of 7 % in the worst case, suggests that the nine 

Fig. 8. Neural model learning curves showing performance evolution during the training phase. The graph shows the parallel trend of training score (blue line) and 
cross-validation score (orange line) as the number of examples used for training increases. The performance gap between training (blue line) and cross-validation 
(orange line) scores significantly narrows after 6000 training examples, with training scores oscillating around 0.96–0.97 and cross-validation scores achieving 
approximately 0.96.

Fig. 9. Confusion matrix of the driving style classification model using a 
combination of OBD data and context data. The model accurately classified 
91.8 % of cases as "dangerous", 97.7 % as "moderate", and 95.4 % as "safe". 
Classification errors remain reasonable, with 8.2 % of "dangerous" cases mis
classified as "moderate", 1.8 % of "moderate" cases misclassified as "safe", and 
4.6 % of "safe" cases misclassified as "moderate".
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selected features effectively capture the essence of the road risk classi
fication problem. This makes the small model a viable alternative to the 
full model, offering the advantage of greater simplicity in implementa
tion and more immediate practical applicability, without significantly 
compromising the quality of the classification.

The comparative analysis of performance between the two models 
reveals a particularly significant aspect from the perspective of sus
tainability and computational efficiency. The model with a reduced 
feature set not only maintains performance similar to the full model but 
offers substantial advantages in terms of energy and computational 
efficiency.

In the model with a reduced set of features (Model 3, see Fig. 16), 
there is a redistribution of the relative importance of the selected 
characteristics. For example, "poi school" emerges as the most influential 
feature, showing a distribution of SHAP values that extends significantly 
to the right (up to 0.6), indicating a strong positive impact on risk 
classification. In the complete model (see Fig. 10), while "bridge" 
occupied the highest position, "poi school" was in third position, while 
maintaining a significant impact.

One particularly interesting aspect is the range of SHAP values. In the 
lighter model, distributions of main characteristics show slightly wider 
ranges than in the full model. This suggests that the reduced model has 
"compensated" for the lack of other features by giving more weight to the 
remaining characteristics, but without significantly altering the direc
tion of their impact on classification.

The characteristics related to critical infrastructures ("poi hospital", 
"bridge", "poi parking") maintain a prominent position in both models, 
with similar distributions that suggest robustness in their predictive 
importance. This confirms that the selection of features has effectively 
preserved the most informative elements for road risk assessment.

The environmental conditions, represented by "wind_kph", show an 
interesting behaviour: in the reduced model, this characteristic main
tains a well-defined influence, similar to that observed in the complete 
model. This suggests that the meteorological information captured by 
this single feature is sufficient to represent the impact of environmental 
conditions on risk.

Fig. 10. Swarm plot for SHAP Analysis applied to the model based on OBD and geographical data (Model 1). This SHAP analysis provides valuable insights into 
understanding the model’s decision-making process and could be used to identify priority areas for action in road risk management or to optimize future iterations of 
the model.
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5. Future works

The merging of OBD and geographic data enables the creation of a 
relationship between driving behavior and geographical features, as 
discussed in the previous section. The use of the DDD20 dataset, 
retrieved in a specific context and with the help of high-performance 
sensors, is one of the main limitations of this work.

Intending to study and correctly classify driver behaviours to 
improve sustainability and safety conditions in the road environment, 
the main challenge is to deploy affordable and reliable sensors to tackle 
this limitation. As it emerges from the literature [34,35], smartphones 
are widely implemented in mobility problems, and this is mainly due to 
their large availability and the high specifications with which they are 
built. Their integration with OBD could be a less expensive solution for 
creating a dataset, such as the DDD20 used in this paper. Another lim
itation that emerges from the current study is that the data collection 
was only for a single context. Although the contribution of the study 
regards both results (the role of geographic characteristics in predicting 
driver behaviours) and especially the methodological framework (due to 
the possibility of replicability), extending this type of analysis and 
methodology to other contexts could be doable and advisable. Thanks to 

the method’s suitability for large area analysis, extending data collection 
in a European context or to European cities could be an additional and 
important contribution to this field. When the focus is on a single city or 
single area, usually other data sources can be implemented. From this 
perspective, data enrichment could be another important contribution. 
In addition to geographic information retrieved from OSM, the dataset 
could be enriched with traffic-related information, such as vehicular 
flows and speeds. These two dataset sources could give a framework on 
what happens in the road context, and if there is any correlation with 
aggressive driver behaviour.

By following this framework, an integration with road crash data 
should be an important future step. Usually, driver behaviours are 
classified by establishing a threshold for speeds and especially acceler
ations: so, if the driver’s acceleration goes beyond an established value, 
this could be classified as aggressive, and aggressive behaviour leads to 
higher fuel consumption than other driving styles. The relationship be
tween aggressive behaviour and road safety seems not to have been 
adequately demonstrated. This research gap that emerges from the 
literature could be deeply studied by comparing road crash frequency or 
severity with aggressive driver behaviour, and checking if there is a link 
or a recurrent pattern between aggressive driving behaviour and a lack 

Fig. 11. Swarm plot for SHAP Analysis applied to the model based only on geographical data (Model 2).
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of road safety. This could be even crucial for studying interaction with 
vulnerable road users, especially pedestrians and cyclists [62,63]. As it 
emerges from recent studies on pedestrian and cyclist severity [64,65], 
driver behaviour seems strongly related to pedestrian severe crash 
severity [64], and vehicular flow and speeds increase the likelihood of 
having a severe outcome in crashes involving cyclists [65].

From a modelling perspective, given the high number of features that 
are used in the model and the possible future enrichment with other 
variables, integrating an attention mechanism will allow to have a better 
overview of which features the model will be focused on, trying to 
smooth the black box nature of these Machine Learning Models. Another 
possible future work, especially when new data in a different context is 
available (from a smartphone or from OBD), could be the introduction of 
other Recurrent Neural Networks (RNNs), such as Long Short-Term 
Memory (LSTM) [66,67]. The reason why these models could be adop
ted concerns the vanishing gradient problem, i.e., the impossibility for 
RNNs to integrate distant observations into a temporal sequence. 

Understanding that a driver is aggressive does not just require a single 
acceleration data point, but the entire time pattern of accelerations. As 
the last step, deploying the model in a real-time mobile application (it is 
worth noting that it is now released on the cloud due to the high amount 
of data) could be downloaded and used by all road users or integrated 
into other applications to improve eco-sustainability and safety.

6. Conclusion

The paper presented provides an in-depth analysis of the develop
ment and validation of an artificial intelligence model designed to 
classify driving styles based solely on the road context. The methodo
logical approach followed, from the definition of a complete method
ology to the implementation and validation of three main models, 
allowed to identify the most effective solution to forecast driver 
behaviours

The research has gone through several critical stages, starting from 

Fig. 12. Trend of the loss function during the model training phase with only context geographical data and with the reduced number of features. The Loss curve (in 
blue) shows a rapid initial decrease from about 0.45 to 0.25 in the first 5 epochs, followed by a more gradual reduction that brings the value to stabilize around 
0.18–0.19 towards the end of the training.

Fig. 13. Trend of the accuracy during the model training phase with only context geographical data and with the reduced number of features.
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data preparation using advanced pre-processing techniques, including 
temporal sorting and resampling of data, to accurate management of 
missing values. One particularly significant aspect was the inclusion of 
contextual factors in the labelling, which allowed elements such as 
weather conditions, the presence of points of interest, and road char
acteristics to be taken into account in the risk assessment.

The implementation of the MLP-NN model has proven its effective
ness through three main models: the first model (Model 1) use both OBD 
and contextual data, achieving an accuracy of more than 97 %; the 
second one (Model 2) showed that by using only contextual data, it is 
possible to obtain comparable performances with an accuracy of more 
than 90 %; the third model (Model 3) validated the effectiveness of a 
small subset of selected features through SHAP analysis, maintaining 

high performance with only nine key characteristics.
The innovative application of SHAP analysis has played a funda

mental role in the selection of the most relevant features, allowing for to 
development of a leaner, but also an equally effective model. The final 
selection of the nine most significant features (including the presence of 
schools, hospitals, road slope, and bridge characteristics) has shown that 
it is possible to achieve accurate classification of driving styles using a 
minimum set of environmental and infrastructural characteristics.

The real strength of the model without OBD data lies in its immediate 
applicability. This approach allows for the performance of road risk 
assessments without relying on the presence of instrumented vehicles, 
analyzes planned new areas or infrastructure changes, supports urban 
planning decisions and road safety interventions, and easily scales ap
plications to different geographies without technological constraints

In particular, the model’s ability to rely solely on environmental and 
infrastructure characteristics makes it a valuable tool for preventive 
road risk assessment. The comparison of the two models shows that the 
inclusion of OBD data, while providing additional information, is not 

Fig. 14. Neural model learning curves showing performance evolution during the training phase. The graph shows the parallel trend of training score (blue line) and 
cross-validation score (orange line) as the number of examples used for training increases. The blue curve (Training score) and the orange one (Cross-validation 
score) show a converging trend, with the gap between the two narrowing significantly after 6000 training examples.

Fig. 15. Confusion matrix on the classification performance of the MLPClas
sifier model using only selected features with SHAP for training. The matrix 
shows that the model correctly classified 91.3 % of cases as "dangerous", 90.2 % 
as "moderate" and 92.2 % as "safe". The most significant errors are found in 8.7 
% of "dangerous" cases classified as "moderate", 8.6 % of "moderate" cases 
classified as "safe", and 7.8 % of "safe" cases classified as "moderate".

Fig. 16. Graph of the SHAP analysis applied to the model that uses fewer 
features for training and only geographical data. The SHAP analysis in this 
context is used to verify that the selected features continue to have the same 
order of importance on the new model.
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necessarily crucial to an accurate road risk assessment. The model 
without OBD demonstrates that it can effectively capture the most 
relevant risk factors, while maintaining greater simplicity of imple
mentation and wider practical applicability than the full model. This 
feature makes it particularly suitable for real-world applications, where 
the availability of OBD data may be limited or inconsistent.

One particularly relevant aspect of the research is the computational 
and energy efficiency of the reduced model. The reduction in the 
number of features resulted in: reduced memory and computing con
sumption, a significant reduction in energy consumption during infer
ence, increased scalability and edge deployment capabilities, and 
reduced overall system carbon footprint

This paper contributes to the selection of the most appropriate road- 
context analysis model, providing a solid scientific basis for future 
design decisions. Comparative analyses of the results allow a full un
derstanding of the capabilities and limitations of each tested approach. 
In particular, the demonstration that accurate classifications can be 
obtained using only contextual and geographic data, without relying on 
information from vehicles, opens new perspectives for the development 
of more accessible and effective road risk monitoring and prevention 
systems.

The results show that the optimized model with nine features (Model 
3) represents the best compromise between predictive accuracy, 
computational efficiency, and applicability. This solution allows for a 
preventive assessment of road risk in different geographical areas 
without the need for specific vehicle instrumentation, making the sys
tem immediately usable for urban planning and road safety applications.

In conclusion, the work presented not only provides an advanced 
technical solution for driving style analysis but also establishes a robust 
methodological framework for future developments in road safety. The 
ability to achieve high performance using only geographic data, com
bined with the computational efficiency of the small model, makes this 
solution particularly suitable for large-scale implementations, contrib
uting significantly to the objective of making roads safer through pre
ventive and systematic risk analysis.
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