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Abstract – This study explore the use of 1D Convolution Neural Network (CNN) to predict occurred driving event
from motion sensor data recorded by mounted smartphone inside a moving car. Contrary to most state-of-the-art
algorithm for Time Series Classification (TSC) which use a 2D CNN architecture such as ResNet or FCN that often
require a large amount of training data, a compact 1D CNN could have an advantage over 2D CNN where the labeled
training data is scarce due to its less complexity in term of model architecture which is what this study want to
explore. Since deep learning algorithm often require a large amount of datasets during training process, when dealing
with the small datasets, the data augmentation is one of the method to increase the availability of training data and
could help improve the performance of the algorithm, so this study will also explore, implement, and evaluate the use
of data augmentation that is applied in the preprocessing step.
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1.

Introduction

With road accident in Thailand on the rise
(The Office of Transport and Traffic Policy and
Planning of Thailand, 2019) along with the amount
of motorist that kept increasing each year has
caused the numerous damage to properties and
lives. While most of the accidents are caused by
distracted or inattentive driving, some are caused
by driver’s aggressiveness driving. Study has
pointed out that one of the key-trait that associate
with road accident is aggressive driving (American
Automobile Association, 2009), of which consists
of aggressive breaking, aggressive accelerating,
aggressive turning, and aggressive lane changing
which are the events that could occur while
driving. However, with the help of machine
learning algorithm that can learn to detect
aggressive driving event from the pattern of data
collected from motion sensor device, it is possible
to automate the aggressive driving event detection
in real-time and in turn could be implemented as a
way to deter aggressive driving. The automate

driving monitoring system could also be used to
incentivize safe driving and reward good driving
behavior in the form of road tax rebate or use as a
metric to evaluate driver workforce in
transportation service which in turn could help
reduce the amount of road accidents.
Though there are many studies that propose
and implement a way to use machine learning to
classify events from time series data that is
recorded during driving, such as the study that
explore the use of 2-Dimension (2D) CNN deep
learning to classify driving behavior style of driver
that use data from On-Board Diagnostic (OBDII)
such as speed, acceleration, throttle position to
classify the driving style (Mohammad Shahverdy
et al., 2020). While other study explores the use of
classical machine learning and multilayer
perceptron (MLP) to classify driving style using
data gathered from motion sensor device within
modern smartphone device (Jair da Silva Ferreira
Junior, 2017). Not many has explored the use of
1-Dimension (1D) CNN to classify driving event
yet. In the case where training data is scarce or

low-cost computation is required for real-time
implementation purpose, 1D CNN could prove to
have an advantage over 2D CNN or classical ML
algorithm due to its less complexity when
compared to 2D CNN while retaining the ability to
detect and extract features hidden inside the time
series data due to the nature of deep learning that
have hidden layer. Although, the 2D CNN TSC
such as Residual Network (ResNet) or Fully
Convolution Neural Network (FCN) (Zhiguang
Wang, et al., 2016) have proven to be a very
strong baseline and high-performance classifier
for TSC (Hassan Ismail Fawaz, et al., 2019), in the
environment where labeled training data is limited,
the 1D CNN could have a comparable
performance to the 2D CNN counterpart, which is
the main topic of this study. This study will also
explore the use of data augmentation that occur in
the data preprocessing step to increase the size of
training data to achieve higher accuracy.
2.

Motivation

To be able to classify and detect aggressive
driving event that has occurred while driving as
driving monitoring system and could use those
data to incentivize safe driving practice and reward
good driving behavior through road tax rebate
and/or use as a metric to evaluate driver that work
in transportation service with the goal to promote
safer driving and reduce road accident by the use
of data gathered from motion sensor that locate
inside modern smartphone device or modern
OBDII device that has built-in motion sensor. The
data include acceleration in 3 axis, gyroscope data
in 3 axis, magnetometer data in 3 axis, with the
total of 9 features to be use as an input data.
3.

Related Work

Jair da Silva, Jr. Ferreira et al. (2017) have
explore the use of both classical ML and neural
network (MLP) to predict occurred driving event
using a mounted smartphone that record motion
sensor data during simulated driving session. The
study has concluded that one of the key factor for
good performance algorithm to achieve good
accuracy score is to have a large sliding window.
Mohammad Shahverdy et al. (2020) have
explore the use of 2D CNN to predict driving
behavior (normal, drowsy, drunk, distracted, and
normal using recurrence plot to convert time series
data (acceleration, throttle position, speed, engine
RPM) into image-like 2D data structure for 2D
CNN classifier using a recurrence plot.

Ismail Fawaz, H., et al. (2019) have review
multiple TSC algorithm and compare their
performance on each UCR/UEA dataset achieve.
The study then ranked each algorithm using a
critical difference diagram and conclude that the
end-to-end deep learning algorithm such as
ResNet and FCN are the current state-of-the-art
TSC algorithm. Due to the nature of deep learning
model being a black box hence making them
uninterpretable, a Class Activation Map (CAM)
visualization could be used to highlight which part
of the input data the model used to identify which
class it belongs to.
Terry Um et al. (2017) have explore the use
of various data augmentation method to boost the
performance of TSC algorithm that use wearable
sensor data to monitor Parkinson’s Disease
patient in order to determine the dosage for each
patient. Due to limitation of the amount of data that
require an expert within the field to identify which
class the data belongs to, many augmentation
method were used on the dataset and was
evaluate and compare. Study then conclude that
while data augmentation can be used on TSC
dataset when the amount of data is limited, only
some data augmentation method can be used and
require a good domain knowledge within the field
to select a proper data augmentation method.
Zhiguang Wang et al. (2016) have propose a
strong baseline for DL TSC algorithm. Considered
to be one of the state-of-the-art algorithm called
Fully Convolution Neural Network (FCN) that
consist of 2D CNN layer with batch normalization,
and global average pooling layer while also
explore the use of GRAD-CAM to monitor which
region the algorithm use to decide what class label
the data is.
Serkan Kiranyaz et al. (2021) have review the
application use of 2D CNN and compare to its
newer variant, 1D CNN. In some application 1D
CNN could perform better than 2D CNN in a
scenario where data is scarce or when low-cost
computation is required due to their minimal
structure.
4. Methodology
4.1 Dataset
Data are gathered from motion sensor inside
smartphone that consist of acceleration in X, Y, Z
axis, gyroscope data in X, Y, Z axis,
magnetometer data in X, Y, Z axis, with the total
of 9 features that collected while driving a vehicle
at sampling rate of 50 Hz. The dataset used in this
study is obtained from Jair da Silva Ferreira Junior
work in 2017. The aggressive and non-aggressive

driving event are recorded as a timestamp of when
the event has started and ended by assistance
who sit beside the driver. The driving event type
consist of aggressive accelerating, aggressive
braking, aggressive left-turn, aggressive rightturn, aggressive left-lane change, aggressive
right-lane change, and non-aggressive with the
total of 7 types.
4.2 Data Preparation
The data, which is a time series data consist
of multiple driving session with arbitrary length
with the total driving time of 50 minutes depending
on how long the trip is, will need to be transformed
to fit within the CNN architecture that require fixed
size of input will be achieved by data
transformation via window slicing method with the
time length of 21 as shown in Fig. 1.

Fig. 1 Window Slicing of time series data

Time series data will be preprocessed with
window slicing using method from keras called
timeseries_dataset_from_array(
)
with
seqeunce_stride of 2, sequence_length of 21, and
sampling_rate of 1, as parameters. Fig. 2 outline
approach to avoid data leakage where the window
sequence that has an area that overlapped with
Test Set will be discarded when doing train-testsplit using purging method (Marcos de Prado,
2018).

data size, to cover the unexplored input space
(Terry Um, 2017), and evaluated whether the data
augmentation help improve the deep learning
model performance or not.
class
0
1
2
3
4
5
6

Event
non-aggressive event
aggressive right turn
aggressive left turn
aggressive right lane change
aggressive left lane change
aggressive braking
aggressive acceleration
total

Count
14
11
22
5
4
12
12
80

Table 1 Dataset event count

The data augmentation methods that were
chosen from Terry Um’s study in 2017 are scaling,
time warping, and random sampling. Scaling
(DA_Scaling) is a simple augmentation where a
magnitude of the data is multiplied by a random
scalar. Time-warping (DA_Timewarping) is
another way to smoothly distort the time-length of
data where some area is lengthen while some is
shorten. Random sampling (DA_RandSampling)
is similar to time-warping method, but the distort of
data occur in a much smaller area.
Fig. 3 summarize the use of augmented data in
training set which added as additional training
data. However, test set will use only the unaugmented data to preserve and maintain correct
label.

Fig. 3 Training & Test Set post data augmentation
Fig. 2 Train-Test-Split for Sliced window with purging (discard)

Due to the limitation of the amount of data
which consist of events count of 12 for aggressive
accelerating, 12 for aggressive braking, 22 for
aggressive left-turn, 11 for aggressive right-turn, 4
for aggressive left-lane change, 5 for aggressive
right-lane change, and 14 for non-aggressive with
total of 80 events that occurred during 50 minutes
of driving, the training data after train-test-split will
then be augmented, added to increase training

4.3 Architecture
The first layers of the deep learning neural
network usually learn the low-level features
whereas later layers combine multiple low-level
features from earlier layers to a more higher-level
features before send to last layer that classify and
predict which class label the data belong to. In this
study, 1D CNN will be used for driving event
classification. The architecture consist of a 1D

convolution layer with rectified units (ReLUs)
followed by average pooling layer with dropout
layer at the end of each unit. The parameters of
interests in this study consist of filter size at input
layer, number of convolution layer, probability of
dropout layer and finally the type of data
augmentation of input data, all of which will be
explored during hyper parameters tuning in
searching for the combination that output the
highest evaluation score.

The process of hyper parameters tuning and
algorithm comparison are described in pseudo
Algorithm 1 and Algorithm 2 respectively.

Fig. 4 FCN Model Summary that will be used as a baseline

Fig. 4 1D CNN Model Summary

The output classification of driving event that
occurred within sliced window of input data will use
the middle point of the window as the event that
has occurred and will be 1 of the 7 types of driving
events that consist of aggressive accelerating,
aggressive
braking,
aggressive
left-turn,
aggressive right-turn, aggressive left-lane change,
aggressive right-lane change and non-aggressive.
4.4 Evaluation
Once the best combination of parameters for
1D CNN is obtained from hyper parameters tuning
process, the 1D CNN model of this study will then
be compared with the baseline state-of-the-art
FCN algorithm proposed by Zhiguang Wang, et al.
work in 2016 and a support vector machine (SVM)
algorithm in the algorithm comparison process.
The architecture of FCN is shown in Fig 5. The
metric that will be used to evaluate the
performance of this multiclass on each algorithm
is macro average F1-score or F-measure in both
hyper parameters tuning and algorithm
comparison process which is calculated based on
Equation 1.

F − measure =

2 ×Recall×Precision
Recall+Precision

(1)

Table 2 Hyper Parameters Tuning Result of 1D CNN

5.

Results

The result shown in Table 2 that rank top 20
combination of hyper parameters has shown that
scaling method of data augmentation help
increase the performance of the model while other
data augmentation method do nothing or lower the
performance score of the model. For a small
dataset in this study, 2 convolution layers is
enough to obtain a good result while having 3
convolution layers is unsuitable due to insufficient
training data to fine-tune the weight.
Table 3 summarized the result of algorithm
comparison between this study’s 1D CNN
algorithm and 2 baseline namely FCN and SVM.
The 1D CNN performance is comparable to FCN
on a small dataset like in this study. The
improvement of performance on algorithm that use
scaling data augmentation method although low,
is still noticeable as shown in the result from doing
a repeated run of algorithm 10 times.

Table. 3 Algorithm Comparison Result between 1D CNN and
other baseline algorithm (FCN and SVM)

6. Conclusion
For small TSC dataset, a smaller model such as
1D CNN in this study that has a lower trainable
parameter could have a performance comparable
to the state-of-the-art algorithm and with the help
of a right data augmentation method, the
performance could be improved further especially
in the setting where labeled data is scarce since
data augmentation can help increase the amount
of training data and help the algorithm to explore
all the input space while training.
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