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ABSTRACT Driving behavior classification is an essential real-world requirement in different contexts.
In traffic safety, avoiding traffic accidents by taking corrective actions against aggressive behaviors is
necessary to protect drivers. Similarly, in the automotive insurance industry, distinguishing between driving
behaviors is essential to adopt usage-based insurance (UBI) policies. Also, in the ridesharing industry,
monitoring and evaluating driving behaviors is critical for risk assessment and service improvement. This
research presents a deep learning-based solution for driving behavior classification using an optimized
Stacked-LSTM model based on the signals of smartphone embedded sensors generating two different clas-
sification models: three-class and binary. Three-class classification distinguishes between normal, drowsy,
and aggressive behaviors to support advanced driver-assistance systems (ADAS). Binary classification
differentiates between aggressive and non-aggressive behaviors to support commercial applications, such
as ridesharing services and automotive insurance services based on UBI. Our time-series classification
models have been evaluated on the public UAH-DriveSet dataset. Using the proper number and type of
features, the optimum factor of upsampling for the raw signals, and the optimum time-series window size, our
proposed Stacked-LSTM model made a breakthrough in the F1-score when applied to the aforementioned
dataset. The achieved scores are 99.49% and 99.34% for the Three-class and binary classification models,
respectively. Comparisons with state-of-the-art models, our three-class classification model surpassed the
highest published F1-score of 91% by 8.49% when applied to the aforementioned dataset.

INDEX TERMS Driving behavior classification, deep learning, stacked-LSTM, smartphone embedded
sensors, driving safety, signal upsampling.

I. INTRODUCTION
Driving behavior can be defined as theway inwhich individu-
als prefer to drive and the subsequent habits they gain over the
years [1]; so, drivers’ driving behavior plays a significant role
in ensuring road traffic safety. Aggressive driving behavior is
defined as unsafe driving events on the road, such as abnormal
speeding, fast lane changes, and abrupt accelerations and
decelerations [2]. Aggressive driving behavior is one of the
most major causes of traffic accidents that can lead to death,
severe injury, and public property loss [3]. The World Health
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Organization (WHO) reported that approximately 1.3 million
people died because of traffic accidents yearly, with another
20 million severely injured [4].

Recently, many applications that utilize driving behav-
ior analysis have been developed [5]–[7]. For instance,
insurance companies are developing methodologies to auto-
matically evaluate the driving behaviors of their clients
to fit usage-based insurance (UBI) policies [8], [9]. Sim-
ilarly, ridesharing companies monitor and evaluate their
drivers’ driving behaviors using data captured from their
smartphone applications for risk management and service
improvement [10], [11]. Also, in the field of advanced driver-
assistance systems (ADAS), researchers are engaged in
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developing intelligent systems to provide feedback depend-
ing on the driver’s behavior to take corrective action during
their driving to avoid accidents [12].

In driving behaviors analysis, two approaches have been
discovered depending on the sensor data being used, namely
vehicle dynamics and driver dynamics [13]. Vehicle dynam-
ics mostly rely on the signals of sensors, such as Global
Positioning System (GPS), accelerometers, gyroscopes, and
magnetometers [14]. In contrast, driver dynamics mostly
rely on the signals of active sensors, such as video-cameras
located inside the cabin that observes drivers’ behavioral
biometrics [15], [16]. Signals of vehicle dynamics have been
more extensively utilized in driving behavior classification
than signals of driver dynamics because vehicle dynamics
contribute to superior classification performance.

Vehicle dynamics signals can be collected from different
sensors and devices, including in-vehicle devices (e.g., Con-
troller Area Network [CAN-bus]) or external devices
(e.g., smartphones) [13]. Nowadays, smartphones are
equipped with cost-effective, accessible, and reliable sensors,
such as GPS, accelerometers, gyroscopes, magnetometers,
or high-definition video-cameras frequently used in driving
behaviors analysis [11], [17]. Recent research in driving
behavior analysis has reported that using smartphone sensor
signals produces better results than CAN-bus sensor signals
and that smartphones have a greater number of sensors than
conventional CAN-bus connects [18].

Recent researches have proposed different methodolo-
gies for classifying driving behaviors using the signals of
smartphone sensors. These methodologies can be catego-
rized based on (1) the features that can be extracted and
derived from the collected data (e.g., acceleration, deceler-
ation, and brake) [6], [11]; (2) the computational models
for classifying driving behaviors [19]; (3) driving behav-
ior outputs (e.g., normal, drowsy, or aggressive) [20], [21];
and (4) the performance metrics that evaluate these mod-
els [22], [23]. Some of these researches have experimentally
proven that the computational models based on a Long Short-
Term Memory (LSTM) recurrent neural network (RNN)
architecture are the most suitable for driving behavior anal-
ysis [13], [24], [25]. However, few of these studies have
experimentally evaluated the accuracy of driving behavior
classification models based on various time-series window
sizes and sampling rates.

This research proposes an optimized LSTM-based com-
putational model for driving behavior classification in two
different models. In the first model, we distinguish between
normal, drowsy, and aggressive driving behavior using the
signals of an accelerometer, gyroscope, GPS, and prepro-
cessed vehicle detection data provided in the dataset of the
DriveSafe application, which uses a video-camera sensor.
In the second model, we distinguish between aggressive and
non-aggressive driving behavior using similar signals as the
first methodology without preprocessed vehicle detection
data. Furthermore, in both methodologies, we attempt to
determine the best time-series window size and upsampling

factor for our proposed models based on different mea-
surement metrics, such as accuracy, recall, precision, and
F1-score.

The key contributions that make our proposed technique
outperform state-of-the-arts techniques in the classification
of driving behaviors can be summarized in the following
points:

• Building two different classification models to fit two
different application tasks.

• Selecting the optimum input features that include both
raw and extracted features.

• Performing oversampling for the first time after the pro-
cess of fusion of the sensor data using a high upsampling
factor resulted in a very high accurate model, especially
with the usage of the corresponding optimum window
size.

• Optimizing the structural and training parameters of the
proposed Stacked-LSTM model.

The remaining of this research is divided into five sec-
tions: Section II presents the related works and scientific
background. Section III describes the dataset we utilized to
train, validate, and test our optimized computational models.
Section IV describes the proposed methodology that will be
presented. Section V presents experimental studies using a
naturalistic driving dataset. Finally, the conclusion is pre-
sented in Section VI.

II. RELATED WORKS AND SCIENTIFIC BACKGROUND
This section presents the concept of driving behavior, the fac-
tors that affect it, and the twomost used driving behavior clas-
sification approaches. Moreover, we will explain how related
researches have dealt with driving behavior classification in
terms of data collection, features, outputs, and classification
models that have been implemented. Finally, we will present
the scientific background related to the used model in this
research.

A. DRIVING BEHAVIOR CONCEPT
The field of safe driving has given considerable interest in the
study of driving behaviors and road safety that are majorly
related to the rate of traffic accidents. The authors of [1]
defined that driving behaviors is how individuals prefer to
drive. The authors of [26] stated that driving style is distinct
for each individual and represents a relatively stable aspect
of driving formed over the years. The authors of [27] inves-
tigated how external circumstances, such as weather, time of
the day (day or night), road type (secondary road or motor-
way road), and road traffic flow, affected driving behavior.
For instance, a driver could show aggressive behavior when
driving in excessively busy roads while exhibiting normal
behavior when the road is less busy.

B. DRIVING BEHAVIORS DATA
The most popular methods of data collection for driving
behavior classification tasks are self-report and data-driven
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approaches. In the self-report approach, data is collected
using questionnaires about drivers’ motivation or emotions
that are mostly affected by the driver state (e.g., inatten-
tion, drowsiness, fatigue, stress, and anger) [28]. In contrast,
the data-driven approach analyzes vehicle signals that are
collected using sensors and devices concerning driving events
that are mostly associated with maneuvers (e.g., acceleration,
deceleration, turning, and lane change) [29]. Unlike the self-
report approach, the data-driven approach is mostly more
difficult due to the highly expensive data collection require-
ments (e.g., vehicle, sensors, GPS). However, data-driven
approach results are more reliable and accurate due to their
naturalistic representation of drivers’ behavior.

The data-driven approach can be categorized based on
the technique used to collect data into two categories: vehi-
cle dynamics and driver dynamics. In the vehicle dynam-
ics, the signals are mostly collected via sensors, such as
inertial measurements (accelerometer or gyroscope), GPS,
and cameras [13], [17], to analyze a vehicle’s activities.
In contrast, driver dynamics utilizes signals collected via
active sensors inside the cabin, such as a video-camera [15]
or electroencephalographic (EEG) headband worn [16] to
analyze a driver’s activities. In the literature, most research
concerning driving behavior classification tasks have uti-
lized vehicle dynamics due to the variety of the avail-
able signals that contribute to its superior classification
performance.

Vehicle dynamics-based signals can be collected either
from a simulator or a vehicle. Simulators interact with a
virtual environment equipped with a steering wheel, pedals,
and gear shift [20]. Simulators may offer valuable knowledge
on driving behaviors in dangerous situations, like estimating
the distraction or drunkenness of drivers. However, they are
considered a costly solution, as researchers have to build a
virtual environment that simulates the real world. In con-
trast, naturalistic data are collected from vehicles’ activi-
ties through the sensors embedded in them. For instance,
a GPS sensor can directly obtain a vehicle’s position and
speed signals in addition to indirectly obtaining acceler-
ation [30]. Another well-known device is the On-Board
Diagnostic Systems (OBDII), which is an in-vehicle device
that collects signals, such as fuel consumption, throttle, and
speed [6]. Smartphones are also widely utilized to collect
signals, as they are equipped with low-cost and reliable
sensors, such as GPS, accelerometers, gyroscopes, mag-
netometers, and high-definition video-cameras [11], [17].
Recent research in the area of driving behavior analy-
sis has pointed out that using smartphone sensors can
obtain better results than in-vehicle sensors and that smart-
phones have a greater number of sensors than in-vehicle
devices [18].

Fig. 1 illustrates the classification of driving behav-
ior analysis techniques based on the used methods of
data collection. As shown in this figure our focus is on
the techniques based on signals of smartphone embedded
sensors.

FIGURE 1. The classification of driving behavior analysis techniques
based on the used methods of data collection.

C. DRIVING BEHAVIORS CLASSIFICATION TECHNIQUES
Driving behavior classification techniques are categorized
based on the features that will be used, classification outputs,
and the model used in classification. The models are mostly
constructed based on vehicle dynamics signals to classify
drivers’ driving behavior (e.g., normal, aggressive, drowsy).
This section explains the different implementation techniques
used in past research.

1) CLASSIFICATION FEATURES
Classification features are extracted and selected based on
the available sensors or devices to predict driving behaviors.
For a data-modeling process, the creation and selection of the
most suitable features are essential to reach acceptable model
accuracy. The model’s input mostly consists of a combination
of features, such as velocity [31], acceleration [28], decelera-
tion [32], angular velocity [32], and steering angle [33]; also,
longitudinal and lateral acceleration features have been used
to detect turns and lane changes events [7], [32], [34], [35].
There is no right or wrong feature combination for con-
structing a model to predict driving behaviors; however,
past research has pointed out that the most common feature
used for driving behavior classification is acceleration [28].
Besides, some studies have presented highly influential fac-
tors to estimate aggressiveness, such as jerk [36], throttle
opening [21], and revolutions per minute (rpm) [6]. In this
research, we rely on acceleration and jerk as highly influential
factors to estimate aggressiveness, as they can be indirectly
obtained or determined using smartphone sensors’ signals.

2) CLASSIFICATION OUTPUTS
The outputs are related to the driving behavior classes and
have been labeled according to aggressiveness levels, such
as normal, drowsy, or aggressive [7], [13], normal or aggres-
sive [21], and calm or aggressive [11], [31]. A greater number
of driving behavior labels were suggested because drivers
may exhibit different driving behaviors at the same time
while driving; therefore, a driver’s behavior can be labeled
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as calm, normal, moderate, or aggressive [20], [29]. Some
studies have suggested four or more labels [2], [35], but they
are infrequently utilized, as increasing the number of labels
influences the accuracy of the model for driving behavior
classification.

3) CLASSIFICATION MODELS
Different classification models can be constructed to dis-
tinguish driving behaviors. In [14], [29], [37], the authors
reported that the most common artificial intelligence algo-
rithms utilized to classify driving behaviors are Fuzzy Logic
(FL), Random Forests (RF), k-Nearest Neighbor (kNN),
the Support Vector Machine (SVM), and LSTM. However,
the authors in [13], [24] experimentally proved that the com-
putational models based on LSTM are the most suitable for
driving behavior analysis. The LTSM architecture was also
utilized in [25] to develop a driving action prediction system
to predict the driver’s action a few seconds in advance. The
LSTM model achieved an F1-score of 92.12% compared
to SVM, Hidden Markov Model (HMM), Feed Forward
Neural Networks (FFNN), Fusion-RNN-Exp-Loss (F-RNN-
EL) models that achieved an F1-score of 65.40%, 75.72%,
85.76%, and 87.56%, respectively.

In [13], the authors classified three driving behavior
classes: normal, drowsy, or aggressive. Their classification
model proposed a model based on the LTSM architec-
ture configured with two hidden LSTM memory cell layers
and 100 neurons per layer. The data was collected using
smartphone-embedded sensors (e.g., inertial measurement
sensors, GPS, and camera). The model takes as its input a
time-series window of size 64 vectors with nine features.
Two types of features that fed the LSTM model were vehicle
features and road features. The vehicle features included
acceleration along the x-axis, acceleration along the y-axis,
acceleration along the z-axis, roll angle, pitch angle, yaw
angle, and speeding. The road features included the number
of detected vehicles and distance from the ahead vehicle.
They usedUAH-DriveSet [17] as a naturalistic driving dataset
to evaluate their proposed LSTM model. Their LSTM model
achieved an F1-score of 91.0% compared to Multi-Layer
Perceptron (MLP) and Decision-Tree models that achieved
an F1-score of 48.0% and 80.0%, respectively.

In [24], the authors classified four driving behavior classes:
aggressive driving on a motorway road, aggressive driving
on a secondary road, normal driving on a motorway road,
or normal driving on a secondary road. Their classifica-
tion model proposed a model based on a Long Short-Term
Memory Fully Convolutional Network (LTSM-FCN) archi-
tecture. The data was collected using in-vehicle sensors or
smartphone sensors and front view cameras. The model
takes as its input a time-series window of five minutes with
12 features. Two types of features that fed the LSTM model
were vehicle features and road features. The vehicle features
included acceleration along the x-axis, acceleration along
the y-axis, acceleration along the z-axis, roll angle, pitch
angle, yaw angle, and speeding. The road features were

vehicle position relative to the lane center, vehicle angle
relative to the lane curvature, road width, time of impact
with the ahead vehicle, and distance from the ahead vehi-
cle. They used UAH-DriveSet [17] as a naturalistic driving
dataset to evaluate their proposed LSTM-FCN model. The
LSTM-FCN model achieved an F1-score of 95.88% com-
pared to RF, Adaboost, and ResNet models that achieved
an F1-score of 94.11%, 92.75%, and 88.29%, respectively.
Table 1 presents F1-score results for driving behavior clas-
sification of the UAH-DriveSet dataset achieved by different
researches using different computational models.

Although the LSTM model proved superior in solving
the driving behavior analysis problem, accuracy still needs
further enhancement. Our research intends to enhance the
LSTM model accuracy by optimizing the model’s structural
and training parameters and optimizing the model’s input
features throughout better feature extraction and selection.

D. TIME-SERIES CLASSIFICATION WITH LONG
SHORT-TERM MEMORY (LSTM) NETWORKS
LSTM networks are an adjusted version of recurrent neural
networks (RNNs). Recently, RNNs have been considered one
of the most highly utilized models in time-series classifica-
tion, as they have been achieving state-of-the-art results in
several time-series classification tasks such as driver iden-
tification [38] and activity recognition [39]. The essential
objective of RNNs is to take advantage of sequential infor-
mation, in which all outputs depend on the previous com-
putations. The RNN architectures were designed to address
the significant shortcoming of traditional neural networks in
their inability to understand past information. Besides, they
have a memory that reserves past information on what has
been calculated thus far, which facilitates an ability to detect
temporal dynamic behavior in signals. Fig. 2 shows an RNN
being unrolled into a full network. Also, RNN architectures
can be structured in many different ways; Fig. 3 shows some
of their possible applications. Fig. 4 exposes the internal oper-
ations of RNNmemory, which are explained in Equations (1)
and (2).

ht = Fh (whht−1 + wxxt + bh) (1)

where ht is the current hidden state considered as the memory
of the network, Fh is a nonlinearity activation function, such
as tanh or ReLU,wh is the weight at the past hidden state, ht−1
is the past hidden state, wx is the weight at the input state, xt
is the input state at timestep t , and bh is the bias at the current
hidden state.

yt = Fy
(
wyht + by

)
(2)

where yt is the output at timestep t , Fy is a nonlinearity
activation function, such as Softmax, wy is the weight at the
output layer, ht is the current hidden state, and by is the bias
at the output layer.

RNN trains the models using the Backpropagation
Through Time (BPTT) algorithm. Unfortunately, the BPTT
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TABLE 1. F1-score results for driving behavior classification of the UAH-DriveSet dataset achieved by different researches.

FIGURE 2. A recurrent neural network being unrolled into a full network
based on computation time.

algorithm has difficulties learning long-term dependen-
cies due to the vanishing gradient problem. Therefore,
the LSTM architectures were developed to overcome the van-
ishing gradient problem encountered with traditional RNN
architectures; besides, the LSTM networks have a consider-
able capability to classify, process, and predict time-series
data of an unknown duration. The LSTM neural network is
similar to classical RNNs but different in terms of its internal
memory components and operations [40]. Fig. 5 shows the
LSTM unit, which is composed of a cell, a forget gate 0f ,
an update gate 0u, and an output gate 0o.

FIGURE 3. Structures of recurrent neural network: (a) one-to-one
structure (x = y = 1); (b) one-to-many structure (x = 1, y > 1);
(c) many-to-one structure (x > 1, y = 1); (d) many-to-many structure
(x = y ); and (e) many-to-many structure (x 6= y ).

However, the LSTM employs these gates to protect and
control the cell state. The first step in the LSTM is to decide
what information will be removed from the cell state through
the forget gate. The next step is to decide what new infor-
mation will be stored in the cell state; this decision is made
by the update gate, which decides what information will be
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FIGURE 4. Recurrent neural network memory operations at timestep t .

FIGURE 5. LSTM internal operations at timestep t .

updated, and a tanh layer, which generates a vector of new
values. The final step is to decide what information will be
output based on the cell state through the output gate. The
formulas performed in the LSTM at timestep t are elucidated
in Equations (3),(4),(5),(6),(7), and (8).

ft = σ
(
wf [ht−1, xt ]+ bf

)
(3)

where ft is the forget information at timestep t , σ is a sigmoid
activation function, wf is the weight at the forget gate, ht−1
is the past hidden state, xt is the input state at timestep t , and
bf is the bias at the forget gate.

it = σ (wi [ht−1, xt ]+ bi) (4)

where it is the updated information at timestep t , wi is the
weight at the update gate, and bi is the bias at the update gate.

C̃t = tanh (wc [ht−1, xt ]+ bc) (5)

where C̃t is a generated vector of new values at timestep t ,
tanh is a tanh activation function, wc is the weight at the
generated values layer, and bc is the bias at the generated
value layers.

Ct = ftCt−1 + it C̃t (6)

where Ct is the current cell state, and Ct−1 is the past cell
state.

ot = σ (wo [ht−1, xt ]+ bo) (7)

where ot is the output information at timestep t , wo is the
weight at the output gate, and bc is the bias at the output gate.

ot = σ (wo [ht−1, xt ]+ bo) (8)

where ht is the current hidden state.

III. DATASET DESCRIPTION
The UAH-DriveSet [17] dataset is an open dataset that con-
tains more than 500 minutes of naturalistic driving ses-
sions. The dataset has been published by the University
of Alcala‘ with the objective to support driving analysis.
The data was collected by a driving monitoring application
called DriveSafe [7] using smartphone-embedded sensors
(e.g., inertial measurement, GPS, and cameras).

The driving sessions were performed on three driving
behaviors (normal, drowsy, and aggressive) by six drivers of
varying age using different vehicles on two types of roads
(secondary and motorway) in Madrid, Spain. The secondary
road is 16 km long with one lane in each track and a 90 km/h
maximum speed, while the motorway road is 25 km long with
three lanes in each track and a 120 km/h maximum speed.
Every driver simulates a series of different behaviors: normal,
drowsy, and aggressive driving. In the state of normal driving,
the driver is asked to drive as they usually would. In the
drowsy state, the driver is asked to simulate a slight sleepi-
ness. Finally, in the state of aggressive driving, the driver is
asked to push the limit of their aggressiveness without being
at risk. The co-pilot is responsible for the safety of the driving
tests without giving any additional instruction.

The dataset provides a large number of signals; however,
in our research, we are only interested in raw GPS signals,
raw inertial measurements signals, and preprocessed vehicle
detection data, as described in Table 2.

IV. METHODOLOGY
Our methodology is based on building an optimized
LSTM-based model for the driving behavior analysis prob-
lem by selecting the best configuration and parameters in
each developing phase. We start with the formulation of
the driving behavior classification problem and then present
the novel preprocessing performed on the dataset. Next,
an LSTM architecture is excellently adapted to solve the driv-
ing behavior classification problem in the two classification
tasks (three-class and binary). Finally, further details about
the best parameters used in training the proposed models are
given.

A. PROBLEM FORMULATION
Our research goal is to classify the drivers’ driving behavior
in real-time within a short interval targeting two differ-
ent classification tasks: three-class and binary classifica-
tion. In the three-class classification, we will distinguish
between normal, drowsy, and aggressive behaviors, which
are considered most applicable for ADAS. In the binary
classification, we will distinguish between aggressive and
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TABLE 2. The description of the signals and data contained in the UAH-DriveSet dataset.

non-aggressive behaviors, which is considered most appli-
cable for commercial applications, such as ridesharing ser-
vices and usage-based insurance. Similar to [13], [18], [32],
our driving behavior classification problem is formulated
as a time-series classification problem. The input features
used in the classification are based on signals related to
the vehicle dynamics approach using smartphone-embedded
sensors, specifically inertial measurements (accelerometers
and gyroscopes), GPS, and preprocessed vehicle detection
data. The signals used in all experiments are generated during
naturalistic driving sessions as time-series data [17].

B. PREPROCESSING PHASE
This section presents a detailed description of the preprocess-
ing performed on the collected signals of the dataset before
feeding our computational models. Fig. 6 summarizes the dif-
ferent stages in the preprocessing phase that are carried after
the data collection phase and before the training and testing
phase. The collected data in case of the training/testing phases
in all experiments were taken from dataset files, while in

real-time, the data will be captured directly from smartphone
sensors.

1) SYNCHRONIZATION STAGE
The UAH-DriveSet [17] dataset consists of signals collected
from smartphone embedded sensors: inertial measurements,
GPS, and cameras that are sampled at different frequencies
(10 Hz, 1 Hz, 10 Hz, respectively). Therefore, the different
sampling frequencies should be unified to synchronize all
the used dataset signals. The unification is performed by
upsampling the lower sampled data to the highest sampling
frequency (i.e., 10 Hz). Hence, we upsampled the signals with
the lower sampling frequency (i.e., GPS) to the frequency
level of the signals with the highest sampling frequency
(i.e., inertial measurements and cameras). To upsample the
collected signals of the GPS, we used a fast upsampling
technique based on linear interpolation filtering.

2) FEATURE EXTRACTION STAGE
Most of the driving behavior analysis computational mod-
els that achieved the state-of-the-art results were essentially

VOLUME 9, 2021 4963



M. A. Khodairy, G. Abosamra: Driving Behavior Classification Based on Oversampled Signals

FIGURE 6. Summary of the different stages in the preprocessing phase
that is carried after the data collection phase and before the training and
testing phase.

based on handcrafted features [38], [42]. However, accord-
ing to previous research, the most common features used in
driving behavior classification as highly effective factors for
estimating aggressiveness are acceleration and jerk [28], [36].
Due to this fact, we extracted acceleration, as shown in Equa-
tion (9), and jerk, as shown in Equation (10), based on the
timestamp and speed, which are provided by GPS sensors.
Unlike [13] that relied only on raw signals collected from
sensors, the extracted features that we used in our models
improved the classification score.

at =
vt − vt−1

dt
(9)

where at is the acceleration at the current timestep, vt is the
speed at the current timestep, vt−1 is the speed at the previous

timestep, and dt is the difference between the current and
previous timesteps.

jt =
at − at−1

dt
(10)

where jt is the jerk at the current timestep, at is the accel-
eration at the current timestep, at−1 is the acceleration at the
previous timestep, and dt is the difference between the current
and previous timesteps.

3) FUSION STAGE
The resulting signals from both the synchronization or
upsampling process are related to their capturing sensor
source and hence provided in timestamped separate files
based on the sensor signals type. Accordingly, a fusion stage
is implemented to obtain a single synchronized sequence file
based on the timestamp relative to each driving session.

4) OVERSAMPLING STAGE
Oversampling of a signal improves the signal resolution and
the signal-to-noise ratio [43]. In deep learning, oversam-
pling has the effect of increasing the training samples, which
enhances the generated models by minimizing the overfitting
phenomena. In this research, the synchronized signals are
oversampled with a high integer sampling factor using linear
interpolation that is defined by the following formula:

OS (i)

=

S (x1)+(x−x1)×
(
S (x2)−S (x1)

x2−x1

)
i=0 : f ×N−2

S (x1) i = f × N − 1
(11)

where OS is the oversampled signal, S is the original signal
having equally spaced N samples, x1 and x2 are the indices
of the original samples surrounding the oversampled position
(x), x = i × dt , x1 = floor(i ∗ dt), x2 = x1 + 1, dt is the
oversampling period= (N − 1)/((f ×N )− 1), i is an integer
index, and f is the upsampling integer factor.

5) NORMALIZATION STAGE
Normalizing the different feature values is a preferable prac-
tice in deep learning-based modeling to construct a superior
model [13], [39]. Since the signals we selected as input
features have different scales, we used the standardization
technique to normalize these features. To obtain the values
within each feature vector with a mean 0 and a standard
deviation of 1, we use the standardization method shown in
Equation (12).

zt =
xt − µ
σ

(12)

where zt is the standardized value (z-score) at timestep t , xt
is the value at timestep t , µ is the mean of the feature vector,
and σ is the standard deviation of the feature vector.

We experimentally found that using a constant mean and
standard deviation as unified constants for the normalization
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TABLE 3. Mean and standard deviation used in the normalization stage
for each feature value.

operation for each feature vector demonstrated higher accu-
racy in real-time behavior classification, in which a small
number of test signal values will be available to perform the
normalization process. The unified constants for each feature
are shown in Table 3; the methodology used to find these
constants is described in Section V-C in detail. The features
(Acceleration in X filtered by KF, Acceleration in Y filtered
by KF, Acceleration in Z filtered by KF, roll angle, pitch
angle, and yaw angle) were not normalized because their
values lie within a suitable range.

6) SEGMENTATION STAGE
The slidingwindow technique is a fundamental preprocessing
operation utilized by most driving behavior classification
tasks [13], [18], [24]. The essential objective of the sliding
window is to segment signals into fixed lengths, which has
the advantage of increasing the size of the dataset and hence
improving the accuracy of the computational model. Since
each driving session was performed with a specific driv-
ing behavior (normal, drowsy, or aggressive), thus, accord-
ing to several experiments, each processed driving session
done through previous stages is segmented into fixed sliding
windows (segments) with 16 timesteps and a 50% overlap
(i.e., eight strides), as shown in Fig. 7, and then labeled
according to the associated driving behavior. Next, all the
constructed time-series windows are combined in a single
dataset. Finally, we used the random splitting technique to
split the combined time-series window dataset into training,
validation, and testing sets with ratios of 60%, 10%, and
30%, respectively. The split is done in a stratified way based
on the combination of driver identity, driving behavior, and

FIGURE 7. Time-series signals segmentation using a sliding window with
16 timesteps and a 50% overlap.

road type. Based on many experiments with different window
sizes, we found that a window size of 16 timesteps is the best
because it contributed to the highest accuracy, as reported in
Sections V-D and V-E.

C. PROPOSED MODELS FOR DRIVING BEHAVIOR
CLASSIFICATION
This section presents our two proposed computational models
for the driving behavior classification: the three-class classi-
fication and binary classification models.

1) THREE-CLASS CLASSIFICATION MODEL (3-CCM)
Our three-class classification model (3-CCM) objective is to
distinguish between normal, drowsy, and aggressive driving
behaviors based on collected signals of inertial measurements
(accelerometers, gyroscopes), GPS and preprocessed vehicle
detection data. Our model is constructed based on a custom
design of LSTM architecture consisting of two LSTM cell
layers called Stacked-LSTM and organized as a many-to-one
structure, as shown in Fig. 3. Both the LSTM cell layers are
configured with 120 hidden neurons and the ReLU activation
function. We also used the L2 regularization technique in
both the LSTM cell layers to prevent overfitting. Most of
the proposed model parameters have been optimized by trial
and error and the best values are shown in Table 4 in detail.
For instance, we tried using a single LSTM layer with 100
neurons, which resulted in an F1-score of 92.47%. Also,
when we set the number of neurons to (90, 100, 110, 120)
in the case of two layers, we got an F1-score of (93.98%,
94.09%, 94.46%, 94.70%), respectively.

Additionally, unlike [13], which took as an input a time-
series window of size 64 vectors with nine features, ourmodel
takes as an input a time-series window of size 16 vectors
with 13 features. The additional four features are course,
course variation, acceleration, and jerk. All the proposed
input features are listed in Table 5 in detail. The connection
between the two layers is performed using the output feature
vectors from the first layer as the input to the second layer.
The last layer is a Softmax layer that takes as an input the
output feature vectors of the second LSTM layer and outputs
a classification score for the three driving behavior classes
(normal, drowsy, or aggressive). Fig. 8 summarizes the con-
text in which the 3-CCM model is trained and tested and the
3 classes predicted by the model.

FIGURE 8. The context in which the 3-CCM model is trained and tested,
and the 3 classes predicted by the model.

In training the three-class classification model, we used
a mini-batch size of 512 and a Categorical Cross-Entropy
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TABLE 4. The proposed Stacked-LSTM model’s layers and parameter values for the 3-CCM and 2-CCM models.

TABLE 5. The features and signal collection sources used in the 3-CCM and 2-CCM models.

loss function, as defined in Equation (13). For optimization,
we used an Adam optimizer [44] with a learning rate of 0.001.
The model was built using Keras’s functional API [45] with
the TensorFlow library as a backend [46]; all the training
parameters can be found in detail in Table 6.

CCE loss = −
N∑
i=1

yi · log(ŷi) (13)

where CCE is categorical cross-entropy loss function,
ŷi (from 0 to 1) is the i-th scalar value in the model output,
yi (0, 1, or 2) is the corresponding target value, and N is the
number of scalar values in the model output.

2) BINARY CLASSIFICATION MODEL (2-CCM)
For the proposed binary classification model (2-CCM),
we modified the 3-CCMmodel described in Section IV-C1 to
differentiate between aggressive and non-aggressive driving
behavior by excluding preprocessed vehicle detection data
(distance to ahead the vehicle, number of detected vehicles)
from the features used in the first LSTM cell layer. Hence,
the input becomes a time-series window with size 16 vectors
and 11 features. In the last layer, we changed the driving
behavior classification outputs from three to two classes,
giving a single score output (aggressive: 1 or non-aggressive:
0); we also changed the activation function from Softmax
to Sigmoid. Fig. 9 summarizes the context in which the
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TABLE 6. The training parameters of the 3-CCM and 2-CCM models.

FIGURE 9. The context in which the 2-CCM model is trained and tested,
and the 2 classes predicted by the model.

2-CCMmodel is trained and tested and the 2 classes predicted
by the model.

For training the proposed binary classification model,
we used the Binary Cross-Entropy loss function defined in
Equation (14). The rest of the training parameters are similar
to the 3-CCM model described in Table 6.

BCE loss = −
1
N

N∑
i=1

yi · log(ŷi)+ (1− yi) · log
(
1− ŷi

)
(14)

where BCE is binary cross-entropy loss function, ŷi (from
0 to 1) is the i-th scalar value in the model output, yi is the
corresponding target value (0 or 1), and N is the number of
scalar values in the model output.

V. EXPERIMENTS
In this section, we will first present the metrics used to
evaluate our driving behavior classifiers’ accuracy. Secondly,
we will investigate the best configuration of our computa-
tional models. Next, the results of the three-class and binary
classification will be reported. Finally, we will compare
the three-class classification results against the classification
results reported in the UAH-DriveSet [17] and [13].

A. PERFORMANCE METRICS
Regardless of the number of classification classes, we are
interested in having good accuracy; for this reason, we uti-
lized macro-average metrics. Accordingly, we used the Accu-
racy metric, as defined in Equations (15), to capture the
best accuracy of the models on the validation sets during
the training. Moreover, to evaluate the final accuracy of the
models with the testing sets, we considered metrics that
give meaningful results; thus, we used the Precision, Recall,
and F1-score metrics, as defined in Equations (15),(16),(17),

and (18), respectively.

Accuracy =
TP+ TN

TP+ TN + FP+ FN
(15)

Precision =
TP

TP+ FP
(16)

Recall =
TP

TP+ FN
(17)

F1− score =
Precision ∗ Recall
Precision+ Recall

(18)

where TP is the true positive, FP is the false positive, TN is
the true negative, and FN is the false negative.

B. THE INITIAL CONFIGURATION OF THE PROPOSED
TECHNIQUE (ICPT)
Since deep learning-based modeling has a significant number
of parameters, it is challenging to find the best combination
of parameter values. Therefore, to find the best values of all
the parameters of our Stacked-LSTM models, we performed
the parameter grid search technique using the Keras-Tuner
library [47], which resulted in the optimal combination of the
hyperparameter values (bold face), as illustrated in Table 7,
which displays all the tried parameter values. The dataset was
also configured with the time-series window of 16 timesteps
at a sampling rate of 10 Hz. In the tuning experiments,
the models have been trained for 1000 epochs and evaluated
on the testing sets. According to the demonstrated results,
using the Adam optimizer with a mini-batch size of 512 and a
learning rate of 0.001, we achieved the best accuracy with our
Staked-LSTM models. So, we considered the configuration
of the proposed technique with the parameter values that
contributed to the best results as the Initial Configuration of
the Proposed Technique (ICPT).

TABLE 7. Hyperparameters used in tuning our proposed computational
models.

C. OPTIMAL NORMALIZATION PARAMETERS
Finding a normalization algorithm suitable for input features
with different scales is challenging and may become more
complicated as the number of features increases. Ourmethod-
ology aims to classify the driving behaviors in real-time
based on streaming sensor signals that will be segmented into
fixed-size windows. For this reason, an appropriate normal-
ization equation(s) is required to effectively normalize the
window signals based on the existing samples in the fixed-
size window. Since, as stated previously, a small number of
samples based on the used window size will be available in
the real-time classification, the normalization process will not
generate compatible values with those used in the training
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TABLE 8. The means and standard deviations (SD) calculated in the different cases for each feature.

TABLE 9. Experiment results of our model in different normalization cases. The mean case achieved the best results are shown in bold.

TABLE 10. Experiment results of the 3-CCM model. The best results are shown in bold.

process, which will worsen the testing accuracy based on our
tried experiments (not shown here due to space limitations).
However, we try to find the best mean and standard deviation
as unified constants for the normalization process for each
feature value. To investigate the best mean and standard
deviation, we calculated them in the following cases:
• Merged case: we merged all driving sessions into a
single sequence (we excluded the testing sets from the
process) and then calculated the mean and standard
deviation.

• Statistical case: we calculated the mean and stan-
dard deviation for each driving session separately
(we excluded the testing sets from the process), which
produced 40 pairs of mean and standard deviation
according to the number of driving sessions; then,
we calculated statistical values (mean, median, max,
min) for the 40 pairs.

We report all the calculated means and standard deviations
in Table 8. We trained our model in the five normalization
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TABLE 11. Experiment results of the 2-CCM model. The best results are shown in bold.

TABLE 12. Confusion matrix results for driving behavior classification of UAH-DriveSet reported by the DriveSafe [17], Stacked-LSTM [13], and our 3-CCM
model.

cases, and, according to the training results, we found that
the mean case achieved the best result, as shown in Table 9.
Therefore, we relied on the mean case values as constants for
the normalization process we used in our work.

D. 3-CCM RESULTS
In this section, we report the results of the 3-CCM model
(described in Section IV-C1) for distinguishing between nor-
mal, drowsy, and aggressive driving behaviors. Based on the
ICPT configuration (described in Section V-B), the 3-CCM
model achieved an F1-score of 95.26% with the testing sets.
Therefore, to improve the ICPT accuracy, several experi-
ments were conducted with various time-series window sizes
(16, 32, and 64) alongside signals upsampling by a factor
between 1 and 5. In the ICPT model optimization exper-
iments, the model was trained for 1500 epochs and eval-
uated with the testing sets. According to the experimental
results reported in Table 10, we concluded that when the
time-series window decreases (up to 16 timesteps) and the
upsampling factor increases (up to five), the model’s accu-
racy is improved. Ultimately, the 3-CCM model achieved

TABLE 13. Comparison between the 3-CCM model and [13] using the
preprocessed dataset [48].

the best F1-score of 99.49% with a time-series window
of 16 timesteps and upsampling by a factor of five, which
is 4.23% better than the ICPT accuracy. Since this enhanced
configuration is our final configuration for the three-class
case, we call it the Final Configuration of the Proposed
Technique for three-class classification (FCPT-3C).

E. 2-CCM RESULTS
In this section, we report the results of the 2-CCM model
described in Section IV-C2 for distinguishing between

VOLUME 9, 2021 4969



M. A. Khodairy, G. Abosamra: Driving Behavior Classification Based on Oversampled Signals

TABLE 14. Comparison between Stacked-LSTM and single-layer LSTM based on our final configurations.

aggressive and non-aggressive driving behaviors. Since the
driving sessions were performed with three driving behaviors
(normal, drowsy, and aggressive), as mentioned in Section III,
we removed the drowsy driving sessions from this classi-
fication task. Based on the ICPT configuration described
in Section V-B the 2-CCM model achieved an F1-score
of 93.87%with the testing sets. Similar to the three-class clas-
sification, several experiments were conducted to improve the
ICPT accuracy of binary classification in terms of time-series
window size and upsampling rate; additionally, training
continued for 1500 epochs, and the trained models were
evaluated with the testing sets. The 2-CCM results were
reported in Table V-F. The best F1-score was 99.34% with a
time-series window of 16 timesteps and upsampling by a fac-
tor of five, which is higher than the ICPM accuracy by 5.47%.
Since this enhanced configuration is our final configuration
for the two-class case, we call it the Final Configuration of the
Proposed Technique for two-class classification (FCPT-2C).

F. COMPARISONS WITH STATE-OF-THE-ART RESULTS
This section compares the 3-CCM results against the classi-
fication results reported in the UAH-DriveSet [17] and [13].
The 2-CCM comparisons are not mentioned, because there
are no reported results foundwith the used dataset. In [17], the
authors distinguished between normal, drowsy, and aggres-
sive driving behaviors based on the fuzzy logic classifier of
the driving monitor application, DriveSafe. They shaped the
results as confusion matrix scores normalized between 0 and
10 (i.e., fromworst to best) for each driver during each driving
behavior session on each road type. In [13], the authors
also distinguished between normal, drowsy, and aggressive
driving behaviors based on a Stacked-LSTM architecture
and used the signals of the initial measurements, GPS, and
preprocessed vehicle detection data. Besides, they compared
their scores with [17] and achieved state-of-the-art results
with the UAH-DriveSet dataset.

To make comparisons with [17] and [13], after the pre-
processing stages described in Section IV-B, we split the
dataset into two parts based on the road type on which the
driving sessions were performed (motorway and secondary).
Next, we trained and tested our Stacked-LSTM model on
each part separately based on the FCPT-3C using three-
fold cross-validation. The confusion matrix results for driv-
ing behavior classification of UAH-DriveSet reported by
the DriveSafe [17], Stacked-LSTM [13], and our 3-CCM
model are depicted in Table 12. From the confusion matrix

scores in Table 12, we note that the 3-CCM model achieved
superior classification accuracy that is proven by its higher
true-positive rates (diagonal values in bold) and lower false-
positive rates (off-diagonal values). This superiority is due to
the usage of optimized LSTM architecture with 120 hidden
nodes instead of 100 in [13] and using optimized hyperpa-
rameters after selecting the best upsampling factor (oversam-
pling) and using four extra features.

We also trained the 3-CCM model based on ICPT
using the preprocessed dataset [48] (constructed by [13] as
70% training and 30% testing, upsampled to 10 Hz and slid-
ing window of 64 timesteps). When the trained model is
evaluated on the test section, we found that the F1-score is
higher than the reported F1-score in [13] by 3.40%, as shown
in Table 13. This achieved enhancement is due to the opti-
mized hyperparameters used in the training of the optimized
architecture without using the proposed preprocessing.

Finally, we report a comparison between the Stacked-
LSTM (3-CCM model based on the FCPT-3C configura-
tion and 2-CCM based on FCPT-2C configuration) against
a single hidden layer of LSTM (SL-LSTM) architecture
in Table 14.

As reported in Table 14, we can confirm that both our
Stacked-LSTM and SL-LSTM models outperform state-of-
the-art accuracy reported by the authors of [13] due to the
distinctive preprocessing (optimumwidow size and oversam-
pling) and the usage of optimum hyperparameters.

VI. CONCLUSION
This research has presented superior models for driving
behavior classification featuring two different tasks (three-
class classification and binary classification) using a Staked-
LSTM architecture based on smartphone embedded sensors’
signals represented as time-series windows. The three-class
classification task distinguished between normal, drowsy, and
aggressive driving behaviors, while the binary classification
task differentiated between aggressive and non-aggressive
behaviors. First, we optimized the structural and training
parameters of the proposed Stacked-LSTM model, which
achieved an F1-score (95.26%), which is higher than the
latest reported state-of-the-art F1-score (91%) by 4.26%.
Next, we utilized extra features (acceleration, jerk, course
angle, and course angle variations), upsampled the sig-
nals by a factor of five, and configured a smaller window
size (16 timesteps), which increased the F1-score by an
extra 4.23%. Finally, our optimized models have outper-
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formed the state-of-the-art accuracy with the UAH-DriveSet
dataset by achieving an F1-score of 99.49% and 99.34% for
the three-class classification and the binary classification,
respectively.
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