Computer Standards & Interfaces 84 (2023) 103703

journal homepage: www.elsevier.com/locate/csi

Contents lists available at ScienceDirect

Computer Standards & Interfaces

@&Mﬂi&

Rt

THIREES

il

»

Check for

A deep neural network approach with hyper-parameter optimization for o
vehicle type classification using 3-D magnetic sensor™

Burak Kolukisa ®*, Veli Can Yildirim ¢, Cem Ayyildiz ¢, Vehbi Cagri Gungor ®°

a Department of Computer Engineering, Abdullah Giil University, Kayseri, Turkey
b Akademi ArGe, Erciyes Teknopark, Kayseri, Turkey
¢ Department of R&D, GOHM, Mugla, Turkey

ARTICLE INFO ABSTRACT

Keywords:

Magnetic sensors

Vehicle classification

Intelligent transportation systems

The identification of vehicle types plays a critical role in Intelligent Transportation Systems. In this study,
battery-operated, easy-to-install, low-cost 3-D magnetic traffic sensors have been developed for vehicle type
classification problems. In addition, a new machine learning approach based on deep neural networks (DNN)
with hyper-parameter optimization using feature selection and extraction methods has been proposed for

vehicle type classification. A dataset is collected from the field, and vehicles are classified into three different
classes, i.e., light: motorcycles, medium: passenger cars, and heavy: buses, based on vehicle structures and
sizes. The proposed system is portable, energy-efficient, and reliable. The performance results show that the
proposed method, which is based on a DNN classifier, has an accuracy of 91.15%, an f-measure of 91.50%,
and a battery life of up to 2 years.

1. Introduction

According to the latest published data from the International Orga-
nization of Motor Vehicle Manufacturers, the total number of produced
vehicles around the world in 2019 was 92 million, and currently
the world vehicle population is approximately 1.32 billion [1]. The
significant increase in the number of vehicles causes various prob-
lems. In recent years, specific attention has been given to intelligent
transportation systems (ITS) to promote quality of life, enhance traffic
administration, and improve road maintenance planning [2]. In the
ITS, the traffic monitoring systems gather data, such as the number,
types, and speed of vehicles, to manage roadway systems, predict
transportation needs, and improve safety.

In many countries, significant investment is being made to de-
velop, implement, and maintain traffic monitoring systems. For ef-
fective traffic planning, it is very important to classify vehicle types
correctly. Recently, researchers studied different vehicle classification
systems to classify vehicle types accurately. Due to significant tech-
nical challenges, various systems have been proposed using different
technologies, including accelerometers [3,4], acoustic sensors [5,6],
loop detectors [7,8], LIDAR [9], piezoelectric sensors [10], vibration

sensors [11,12], magnetic sensors [13-22], cameras [23], and hy-
brid methods [24]. In Table 1, the existing studies are compared and
summarized based on different technologies.

Sensor types, hardware and parameter settings, configuration pro-
cesses, operating environments, resistance to weather and noise, dura-
bility (battery life), and even maintenance and installation costs are
important features and requirements for these technologies. These
are extremely challenging tasks when developing vehicle classification
systems. One of the most challenging tasks in these studies is the
weather noise resistance, which seriously affects some sensors and
consequently negatively affects the performance results [14]. For ex-
ample, weather/noise resistance adversely affects the performance of
certain types of sensors, such as radio, Wi-Fi, LIDAR, and cameras.
Despite the high cost of camera technology, its performance is adversely
affected by a change in weather conditions. It has been observed that
additional studies have been carried out to reduce costs and improve
performance against changes in weather conditions [25,26]. Compared
to other technologies, magnetic sensors are especially preferred due to
their extreme climate resistance, small size, easy set-up, and reasonable
price. On the other hand, given the efficacy of the machine learning
(ML) algorithms in various fields [27-31], researchers are studying to
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Table 1

A summary of research using different technologies for vehicle type classification.
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Study Technology Year SS ACC (%) Cost EE Vehicle types

[3] Accelerometer 2013 226 99.0 NA NA 2, 3, 4, 5, 6 axle vehicles

[4] Accelerometer 2014 142 89.0 NA NA Cars, cars with trailers, trucks, truck with
trailers

[51 Acoustic 2014 160 73.42 NA NA Light vehicles, medium vehicles, heavy
vehicles

[6] Acoustic 2020 106 71.69 NA NA Cars, SUVs, trucks

[24] Hybrid 2009 50 90.0 NA NA Light vehicles, medium vehicles, heavy
vehicles

[71 Loop detectors 2010 1.330 94.21 NA NA Class 1 (cars, jeeps), class 2 (minibusses,
vans), class 3 (pickups, trucks), class 4
(buses), class 5 (motorcycles)

[8] Loop detectors 2019 21.600 91.0 NA NA Car with trailers, heavy goods vehicles, buses,
cars, HGV with trailers, tractor with trailers,
motorcycles, large goods vehicles (LGV), LGV
with trailers

[10] Piezoelectric 2014 872 86.90 NA NA The 13 classes of FHWA

[11] Vibration 2014 354 80.22 NA NA Light vehicles, heavy vehicles

[12] Vibration 2018 415 89.41 NA NA Passenger vehicles, 2 axle bus, 2, 3, 4 axle
trucks, 4, 5, 6 axle trailers

[13] Magnetic 2013 5.837 88.0 NA NA Cars, vans, trucks

[14] Magnetic 2014 188 83.0 $50 NA Class 1 (sedans), class 2 (SUVs, pickups,
vans), class 3 (buses, 2-3 axle trucks), class 4
(A. buses, 4-5-6 axle trucks)

[15] Magnetic 2015 253 93.66 NA NA Motorcycles, two-boxes, salons, SUVs, buses

[16] Magnetic 2017 20.353 96.40 NA NA Passenger vehicles, SUVs, vans, buses

[17] Magnetic 2017 12.085 97.65 $80 NA Motorcycles, passenger vehicles, single-unit
trucks, combination trucks, multi-trailer trucks

[18] Magnetic 2018 1.442 80.55 NA NA Class 1 (sedans, SUVs), class 2 (vans,
seven-seat cars), class 3 (light, medium
trucks), class 4 (heavy trucks, semi-trailers)

[19] Magnetic 2018 300 95.46 NA NA Motorcycles, hatchbacks, sedans, MPVs,
buses, trucks

[20] Magnetic 2019 732 95.40 NA NA Class 1 (trucks), class 2 (saloons, SUVs), class
3 (buses)

[21] Magnetic 2019 412 94.41 NA NA Sedans, vans, buses, trucks, non-vehicles

[22] Magnetic 2020 6.042 97.83 NA NA Motorcycles, sedans, SUVs, vans, cranes,
medium trucks, and buses

PP Magnetic 2021 376 91.15 $25 2 Years Class 1 (motorcycles), class 2 (hatchbacks,

sedans, SUVs), class 3 (trucks)

SS: Sample Size, ACC: Accuracy, EE: Energy Efficiency, NA: Not Available

classify vehicle types using 3-D magnetic sensors based on ML. Several
ML methods are applied, such as back propagation neural networks
(BPNN) [18,19], support vector machines (SVM) [17-20], random
forests (RF) [18,20], extreme gradient boosting (XGBoost) [18], deci-
sion tree (C4.5) [17,20], k-nearest neighbor (KNN) [17,19,20], naive
bayes [17], and convolutional neural networks (CNN) [22] on vehicle
type classification using 3-D magnetic sensor.

In this study, a battery-operated, easy-to-install, low-cost 3-D mag-
netic sensor has been developed for vehicle type classification. In
addition, a new method is proposed for vehicle type classification based
on a deep neural network (DNN) classifier with hyper-parameter opti-
mization using feature selection and extraction methods. In comparison
to previous 3-D magnetic sensor-based studies, the proposed approach
provides long battery lifetime and satisfactory accuracy. As far as we
know, this study is the first to focus on DNN using hyper-parameter
optimization with a 3-D magnetic sensor using feature selection and
extraction methods to classify vehicle types. The proposed system is
portable, energy-efficient, and reliable. Performance results show that
the proposed method, which is based on a DNN classifier, has an
accuracy of 91.15%, an f-measure of 91.50%, and a battery life of up
to 2 years. The relevant dataset and the model are published on GitHub
for any researcher who is interested [32].

This study is organized as follows: In Section 2, the specifics of
the 3-D magnetic sensor node are presented. In Section 3, the pro-
posed approach is described, and classification methods are introduced.
In Section 4, the performance evaluations of the proposed approach
and different classification algorithms are presented. The last section
concludes the paper.

2. Magnetic sensor

The proposed system includes a 3-D magnetic sensor for magnetic
field measurements, a mote to read the sensor outputs, a gateway for
sending the data from the mote to the data center, and a web server for
analyzing the data and displaying the findings. The capsule structure
that protects the system from environmental factors is given in Fig. 1.

2.1. Sensor

The system architecture of a 3-D magnetic sensor node is shown in
Fig. 2. The features of sensor nodes are shown in Table 2, and the cost
of each component is also provided in Table 3. Most of the research
efforts do not mention the cost of the sensor node. Only a few studies,
such as [14,17], show that the costs of their proposed sensors are $50
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Table 2
Sensor node features.
Feature Description
Voltage 0.9-3.6 V
Max. Data rate 5 kbps
Tx Power +30 dBm
RF Frequency 863-876 MHz
RF Communication distance 100 m-700 m
Operation temperature -25 +80 °C
Mechanical robustness 10000 kg
Waterproof IP rating IP 67
Battery lifetime 2 years

Table 3
Cost analysis of mote.

Component part Price
MCU (CC1312) $7
RF Module (SE2435L) $3
Magnetic sensor array $5
Flash memory $1
Antenna $2
PCB $7
Total $25

and $80, respectively. The total cost of our developed sensor node is

just $25, which is a substantially lower cost than those studies.

2.2. Mote

The developed mote includes a CC1312 wireless MCU having a
48-MHz Cortex-M4F microcontroller, a special radio controller based
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Fig. 3. The sensor and the mote.

Table 4

Gateway features.
Feature Description
Voltage 5V
Tx Power +30 dBm
RF Frequency 863-876 MHz
RF Communication distance 100 m-700 m
Operation temperature -25 480 °C
Max. Number of connected nodes 100

on Cortex-MO, an ultralow power 8-bit sensor controller IC, 80 kB
of SRAM, UART, 12C, and SPI [33]. Communication with the gate-
way is ensured by the CC1312 wireless MCU operating at 868 MHz
band adopting the low-rate wireless personal area network (LR-WPAN),
which is an IEEE 802.15.4 communication protocol. The RF front-end
module is adopted to increase the RF power output [34]. The developed
embedded software on the mote is used for calibration of the sensors,
reading the sensor measurements in real-time, processing and storing
the collected data temporarily, and finally forwarding the stored data
to the gateway. The picture of the sensor and the mote is provided with
the components labeled in Fig. 3.

2.3. Gateway

The gateway contains the same mote hardware attached to a Rasp-
berry Pi [35]. The Linux OS runs on Raspberry Pi and relays the
data collected from sensor motes to the data center. For the mote
connection, the same transceiver model is used as the motes. The
gateway properties are provided in Table 4.

2.4. Backend

A cloud-based backend system has been developed to categorize
and save data for offline use. The camera and magnetic sensor are
synchronized, which makes it easy for the user to select the time frame
for trimming and classifying vehicle types in videos. A NoSQL database
is used to store datasets for long-term storage.
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Fig. 4. Flowchart of the classification process.

2.5. Battery lifetime

Two different measurement methods are used to obtain the mag-
netic signature of the vehicle. The first of these methods is the time-
dependent measurement method, which is continuously based on re-
ceiving data from sensors at certain time intervals. The primary ad-
vantage of this method is energy consumption. However, there is
a possibility that the sensor cannot detect significant magnetic field
changes, and this increases the error rate in the magnetic signature.

The second method, called vector magnitude dependent measure-
ment, is the method that takes samples according to certain magnetic
field changes (e.g., every 10 microteslas). This method’s primary ben-
efit is that, since all magnetic field changes are captured, the sample
amount that can be processed is larger, and a more accurate signature
can be obtained. However, adding timestamp information increases the
size of the data to be transmitted in a narrow band. Accordingly, battery
consumption increases significantly.

In light of this information, while the project was being imple-
mented, the second method was used to detect magnetic changes during
the vehicle’s entry and exit from the sensor. The first method was used
to sample the vehicle’s movement on the sensor by time-based. Power
consumption is optimized in this way.

While the vehicle passes over a 3-D magnetic sensor node, the
magnetic sensor node wakes up, records the vehicle’s measurements,
transmits them to the gateway, and sleeps again. The sampling fre-
quency of the sensor is determined as 400 Hz, which is the maximum
frequency, in order to obtain better signal data and detect the vehicle’s
passing with minimum time loss. If the sampling frequency is lowered,
the current consumption of the sensor will decrease, which increases
the battery life of the sensor node. On the other hand, it will cause
a decrease in the data quality and adversely affect the performance
results of vehicle classification.

The sensor node was mounted on a single-lane road. A total of
50 different vehicles’ magnetic distortions were measured, and the
threshold (T) and references of X, Y, and Z were determined; the
equation is shown in (1). For the new vehicles, magnetic distortions
are shown as X,, Y,, and Z,, and the vehicles’ reference magnetic
distortions are X,, Y,, and Z,. If the equation result is greater than
the T value, the vehicle’s magnetic distortions start to be recorded The

Table 5

A vehicle’s average power consumption.
Name Average current (per ms) Duration
Sensor measurement 40 mA 8 ms
Packet transmit (Pre-processing) 10 mA 2 ms
Packet transmit (RX) 1A 5 ms
Packet transmit (TX) 20 mA 3 ms
Packet transmit (Post-processing) 10 mA 2 ms

magnetic distortions of the 50 different vehicles were used to determine
that T is equal to 110.

VX, = X2+, Y2 +(Z, - 2 > T @

The sensor consumes 20 pA during the sleep period, 40 mA during
the measurement period, and 425 mA during the packet transmit. In
total, it draws 5420 mA in 20 ms for a vehicle. A vehicle’s average
power consumption is shown in Table 5.

3. Vehicle classification

A camera and a 3-D magnetic sensor node are used to generate
the dataset. A camera takes video, while a 3-D magnetic sensor node
records magnetic disturbances of the vehicles, and these processes
happen concurrently. The labeling process of the magnetic disturbances
was made based on the recorded video. In our previous study [36], we
investigated the performance of different deep learning approaches on
vehicle type classification. Different from our previous study, this paper
focuses on deep neural network methods with hyper-parameter tech-
niques using feature selection and extraction methods. Specifically, the
first signal dataset (named signal data) is obtained after zero-padding is
applied to the raw signal, which is obtained from the magnetic sensor
node. New features are extracted from the raw signal, yielding a total
of 44 features, which form our second dataset (named extracted data).
Both datasets are normalized between 0 and 1. While applying the
classification process, hyper-parameter optimization is also conducted.
The classification process is also applied to two datasets with three
different variations. (i.) employing the first dataset; (ii.) employing
the second dataset; and (iii.) employing the second dataset with the
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Fig. 6. Light, medium, and heavy vehicle signals, respectively.

best selected N features for each classifier. For the third variation, the
second dataset is used and the ANOVA F-test method is applied to rank
the features in order of importance. The appropriate Best-N features
are found for each classifier via an exhaustive search. In Fig. 4, the
flow chart of the classification process is shown, and in Fig. 5, finding
the best N features for each classifier is shown.

3.1. Dataset

A 3-D magnetic sensor is built and mounted on a single-lane road.
While the vehicle passes over the sensor, the 3-D magnetic sensor
records the disturbances due to the metal materials in the vehicle.
These distortions cause signal changes and differs from each other. This
difference is mostly caused by the speed, physical characteristics of the
vehicle, and environmental factors.

In this study, the vehicle types are divided into three categories
considering the structure of the vehicle: light (L: class 1 — motorcy-
cles), medium (M: class 2 — passenger cars), and heavy (H: class 3 —
buses). In total, 376 vehicle samples are labeled (light: 46, medium:
298, and heavy: 32). The representative samples are shown in Fig. 6.
T and Gauss correspond to ms and Gs, respectively. In each figure, ms
varies according to the vehicle’s distortion on the 3-D magnetic sensor
node. The values of the X-axis are negative due to the sensor node
placement on the mote.

The 3-D magnetic sensor records the raw signal data from the
X, Y, and Z axes while the vehicle is passing. The vehicle’s signal
duration varies between 13 and 207 ms. To equalize the lengths of the
samples, the signals from the samples are zero-padded according to the
maximum signal duration of 207 ms. Considering the three axes for
the first dataset (signal data), a total of 621 features are available for
each sample. For the second dataset (extracted data), 44 features are
extracted from the raw signal dataset.

3.2. Feature extraction & selection

Excess data may complicate the classification process and often lead
to incorrect results. To reduce feature size and obtain better perfor-
mance results, feature extraction techniques are used at this stage.
As shown in Table 6, a total of 44 features are extracted. The X, Y,
and Z axes shown in parentheses show that each feature is extracted
separately within the three axes. For example, maximum values are
extracted separately for the X, Y, and Z-axes, and a total of three
features are generated. The length of the signal is the same on all three
axes. Therefore, only one feature was generated.

35 Mean(A)
Averagey, = =———
(2)
VarianceVA = %/Mean(A) — AverageVA
ZL X(k)2
E, =52
_ Ihrw?
Ey = T
3)
IF Z(k?
E, =217
all — L

For the variance features, V indicates the type of vehicles: light,
medium, and heavy. A indicates magnetic distortion in three axes, X,
Y, and Z. S indicates the sample size of the vehicle types. First, the
average signal value of each vehicle type considering the three axes is
calculated. Based on the obtained average score, for each sample, in
total, nine features have been extracted. The equation is as shown in
(2). The equation shown in (3) calculates the energy (E,, E,, E;, E,;)
features of the X, Y, and Z, and all axes. L indicates the length of the
vehicle’s signal. X, indicates the signal values of each axis in time L.
For each sample, four features are generated. Energy is calculated based
on the sum of the squares of the signal values divided by the length.

The performance of a model depends on the inputs, and higher qual-
ity inputs are expected to produce higher quality results. Importantly,
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Table 6
Features extracted from vehicle signals.
No Features #
1 Maximum values (%, y, z) 3
2 Index of maximum (¥, y, z) 3
3 Minimum values (x, y, z) 3
4 Index of minimum (x, y, z) 3
5 Length of signal (1) 1
6 Mean of the signals (x, y, z) 3
7 Median of the signals (x, y, z) 3
8 # of local maximum (%, y, z) 3
9 # of local minimum (x, y, z) 3
10 Mean of local maximum (x, y, z) 3
11 Mean of local minimum (%, y, z) 3
12 Variance 9
13 Energy (%, y, z, all) 4
Total 44
Table 7
Layer configuration of DNN.
Layer names DNN models
L1 Dense (32)
L2 Batch normalization
L3 Dropout (0.1)
L4 Dense 1 (32)
L5 Batch normalization 1
L6 Dropout 2 (0.1)
L7 Dense 2 (3)
Table 8
Hyper-parameter selection of classifier used for optimization.
Method Parameters
C4.5 min samples split : [2-10]
max depth : [1-10]
min samples leaf : [1-5]
RF max depth: 10, 20, 50, 80, 100
n estimator : 100, 200, 500, 1000
LR penalty : 11, 12, none

C : logspace(—4, 4, 20)
multi class : auto, ovr, multinomial
solver : newton-cg, lbfgs, liblinear, sag, saga

SVM C:0.1, 1, 10, 100, 1000
gamma : 1, 0.1, 0.01, 0.001, 0.0001
kernel : linear, rbf, poly, sigmoid

DNN neurons : 32, 64, 128
neurons2 : 32, 64, 128
dropout rate: 0.1, 0.3, 0.5
dropout rate2: 0.1, 0.3, 0.5
learning rate: 10e—2, 10e—3, 10e—4
batch size: 2, 4, 6, 8

XGBoost learning rate = [0.1-1]

max depth : [1-20]

the feature selection methods remove or give lower scores to redundant
features that are not relevant or have no predictive power for the target
variable. The main objectives of the feature selection approaches are to
minimize the complexity of the model; minimize noise; prevent overfit-
ting; speed up ML algorithms; and enhance performance outcomes. The
ANOVA F-test method is used [37,38]. Among 44 features obtained by
feature extraction, features are ranked according to their importance
using the ANOVA F-test method. In the experiments, the best N (1 to
44 features; N starts from 1 and is incremented one by one until 44)
features have been selected, and each classification algorithm is run
with different selected features as shown in Fig. 5.

3.3. Classification methods

Six classification algorithms are implemented using Python [39]
with the Scikit-Learn [40] and Keras [41] libraries. These are: C4.5, RF,
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logistic regression (LR), XGBoost, SVM, and DNN. A DNN architecture
is built with three layers containing 32, 32, and 3 neurons, respectively.
The first two layers have a RELU, and the last layer has a softmax
activation function. Kernel initializers are set to Glorot Uniform with
a particular seed to obtain reproducible results. To prevent overfitting
after each layer, batch normalization and dropout rates were added.
The Adam optimizer is run with the focal loss function during the
training process. In addition, the focal loss is used to reduce the impact
of the class imbalance problem. The batch size is 8, the number of
epochs is restricted to 30, and the early-stopping mechanism is used.
With the early-stopping mechanism, model training stops after five
epochs if the validation accuracy does not improve and the best weights
are restored. The layer configuration of the DNN is shown in Table 7.

Focal loss is a method used to solve the class imbalance problem
proposed by Lin et al. [42]. Focal loss applies a modulating term to
cross-entropy loss in order to concentrate learning on a small group of
difficult to classify samples and de-weight easy-to-classify samples even
if their number is large during training on a classification task. This
might reduce the importance of simple cases during training and swiftly
concentrate the model on difficult ones; it might make the model learn
efficiently. Focal loss uses Eq. (4), where CE is the regular cross-entropy
loss function and FL is the focal loss. Gamma focuses more on hard
examples, while the alpha offset class focuses on the imbalance of
instances.

{CE@,) = —a,log(p,) @

FL(p;) = —a,(1 = p;)"log(p;)

The datasets are divided into two parts: 70% of the dataset is for
the training set, and the remaining 30% is used for the test set. In
the process of model building, 5-fold cross-validation is applied to
the training set. Hyper-parameters of the models are obtained on a
training set and tested on a validation set. Once the best parameters
have been found, the model’s best parameters are retrained with the
whole training set and then tested on the test set.

3.4. Hyper-parameter optimization

Parameter optimization ensures the most appropriate parameter
for the classification model. Parameters must be determined in the
classification methods before training a model, and the model is trained
according to these parameters. For each hyper-parameter configuration,
models are trained on a training set and tested on a validation set.
After the parameters that produced the best performance results on the
validation set are retrained with the whole training set and then tested
on the test set. The hyper-parameters for the classification methods that
we have used are shown in Table 8. In this study, hyper-parameter
values of all classifiers were obtained by a grid search optimization
algorithm with cross-validation (GS-CV), which is a common method
for finding these hyper-parameters [43,44].

4. Results & discussion
4.1. Classification methods

A detailed performance evaluation of classification methods, feature
extraction, and feature selection algorithms in terms of accuracy, pre-
cision, recall, and f-measure is presented. It is critical to check other
performance metrics due to the fact that the vehicles’ dataset contains
an imbalanced class distribution. As shown in Table 9, a compari-
son of classifiers between the default parameter and hyper-parameter
optimization was conducted under three different variations.

Firstly, each classifier is trained using the signal dataset with de-
fault parameters and using the GS-CV hyper-parameter optimization
technique. In both experiments, the best performance results are ob-
tained with the XGBoost classifier, where the accuracy is 84.84% and
the f-measure is 84.88%. Secondly, each classifier is trained using
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Table 9
Performance results of classification methods.

Computer Standards & Interfaces 84 (2023) 103703

Dataset Hyper-parameter # of features Method Accuracy (%) Precision (%) Recall (%) F-measure (%)
c4.5 78.76 81.58 71.15 79.76
RF 82.30 83.34 67.68 82.75
. LR 78.76 79.42 66.08 78.90
Signal Default 621 SVM 83.18 83.13 62.03 8217
XGBoost 84.95 84.84 70.81 84.88
DNN 78.76 79.42 66.08 78.90
c4.5 78.76 81.58 71.15 79.76
RF 82.30 83.34 67.68 82.75
. LR 83.18 82.82 64.99 82.39
Signal as-cv 621 SVM 83.18 82.82 64.99 82.39
XGBoost 84.84 85.05 72.71 84.84
DNN 79.64 79.94 64.55 79.78
c4.5 82.30 82.30 67.78 82.19
RF 82.30 82.70 65.67 82.49
LR 76.99 66.32 41.46 71.15
Extracted  Default M SVM 78.76 68.18 45.16 72.95
XGBoost 84.95 85.47 65.84 84.68
DNN 77.87 66.71 35.91 70.34
c4.5 84.95 84.45 69.86 84.53
RF 82.30 82.70 65.67 82.49
LR 89.38 89.38 77.75 89.38
Extracted  GS-CV M SVM 89.38 89.82 80.71 89.56
XGBoost 87.61 87.76 72.99 87.61
DNN 82.30 82.30 66.73 82.30
25 c4.5 84.07 85.41 74.45 84.52
11 RF 84.95 87.25 78.73 85.75
Extracted Default 5 LR 78.76 68.18 45.16 72.95
18 SVM 84.95 85.73 64.79 84.20
15 XGBoost 86.72 87.19 69.55 86.42
17 DNN 86.72 86.09 67.65 86.15
25 c4.5 84.95 84.45 69.86 84.53
10 RF 85.84 88.63 83.12 86.60
27 LR 89.38 89.38 77.75 89.38
Bxtracted  GS-CV 20 SVM 90.26 91.08 84.04 90.59
30 XGBoost 88.49 88.72 74.31 88.43
30 DNN 91.15 91.95 84.41 91.50
the extracted dataset with default parameters. The best performance 1250
results are obtained with the XGBoost classifier, where the accuracy is
84.95% and the f-measure is 84.68%. For the extracted dataset using 1000
the GS-CV hyper-parameter optimization technique, the best results ~
>
are obtained with the SVM classifier, where the accuracy is 89.38% 2 750
[
and the f-measure is 89.56%. Lastly, in the third set of experiments, £
each classifier’s input size, i.e., number of features, has been changed = 500
. el . . 1]
from 1 to 44. This means that each classifier is run 44 times when =
the default parameters are used. The best results are obtained with 250
the XGBoost classifier using the best 15 features, where the accuracy
is 86.72% and the f-measure is 86.42%. In addition, the performance 0
50 100 150 200 250 300

results of each classifier when using different numbers of features are
also shown in Table 10. It is observed from Tables 9 and 10 that
each classifier’s best results differ from each other. The best results are
obtained using the 25, 10, 27, 20, 30, and 30 features on C4.5, RF, LR,
SVM, XGBoost, and DNN, respectively. The best results are obtained
with DNN using the best 30 features, where the accuracy is 91.15% and
the f-measure is 91.50%. The corresponding Best 30 features are shown
in Table 11. It was observed that the effects of the extracted features,
such as the mean of the signal, variance, and energy, are important for a
specific axis. Only the Z-axis values are used for the variance extracted
features. The effects of the extracted features, such as the maximum
and minimum values and indexes, the length of the signal, the number
of local maximum and minimum values, and the mean of the local
minimum, are essential for all axes. In the performance results, each
classifier gives better performance results when feature extraction, the
best N feature selection, and hyper-parameter optimization are applied.
Each of the classifier’s hyper-parameters is shown in Table 12.

Number of Samples taken from Vehicle

Fig. 7. Battery lifetime based on the number of samples taken from the vehicle.

4.2. Battery lifetime

In this research, we detect magnetic changes over the 3-D mag-
netic sensor nodes using the vector magnitude-dependent measurement
method while vehicles are passing. For sampling the movement of the
vehicle, the time-dependent measurement method is used. The current
consumption of the sensor during the sleep state and active state (when
a vehicle passes) was obtained with the help of a power analyzer named
EnergyTrace. It is observed that the current consumption during a
sleep state is very low, and the communication between the sensor and
the gateway is the most important factor increasing the battery con-
sumption. A data aggregation technique is used in this communication
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Table 10
Performance results of the classification methods based on CV-GS and different number
of features (from 5 to 40).

Methods # of features Accuracy (%) Precision (%) Recall (%) F-measure (%)

5 75.22 73.19 49.68 73.68

10 80.53 81.53 67.98 80.86

15 81.41 82.73 70.36 81.86
c45 20 81.41 81.72 67.41 81.39

25 84.95 84.45 69.86 84.53

30 83.18 83.62 71.11 83.22

35 81.41 81.87 66.35 81.63

40 84.95 84.45 69.86 84.53

5 81.41 81.58 64.24 81.09

10 85.84 88.63 83.12 86.60

15 81.41 82.64 65.30 81.96
RF 20 83.18 83.88 68.05 83.50

25 78.76 79.84 58.15 79.15

30 79.64 80.64 60.54 80.05

35 82.30 83.19 65.67 82.70

40 81.45 82.64 65.30 81.96

5 79.64 81.78 52.51 76.48

10 84.07 84.07 71.39 84.07

15 87.61 88.24 73.94 87.75
IR 20 87.61 87.80 77.00 87.59

25 88.49 88.49 77.37 88.47

30 89.38 89.38 77.75 89.38

35 89.38 89.38 77.75 89.38

40 89.38 89.38 77.75 89.38

5 75.22 63.60 34.79 68.68

10 84.07 83.60 68.43 83.76

15 88.49 88.91 78.33 88.69
SVM 20 90.26 91.08 84.04 90.59

25 86.72 87.61 75.57 87.12

30 88.49 88.91 78.33 88.69

35 88.49 88.49 77.37 88.47

40 88.49 88.49 77.37 88.47

5 76.99 75.37 53.39 75.37

10 80.53 80.97 64.92 80.67

15 85.84 85.34 65.27 85.18
XGBoost 20 84.95 84.12 64.89 84.30

25 85.84 87.04 71.18 86.10

30 88.49 88.72 74.31 88.43

35 88.49 88.23 73.36 88.26

40 87.61 87.28 68.97 87.02

5 77.87 65.24 35.91 70.22

10 81.41 81.04 57.27 79.55

15 83.18 82.05 62.14 82.49
DNN 20 89.38 89.38 78.70 89.38

25 87.61 87.82 77.95 87.65

30 91.15 91.95 84.41 91.50

35 88.49 89.63 83.29 88.86

40 89.38 88.63 75.74 88.94

Table 11
The best 30 extracted features for the DNN classification method.
No Features #
1 Maximum values (%, y, z) 3
2 Index of maximum (¥, y, z) 3
3 Minimum values (x, y, z) 3
4 Index of minimum (x, y, z) 3
5 Length of signal (1) 1
6 Mean of the signal (x) 1
7 Median of the signals (x, z) 2
8 # of local maximum (%, y, z) 3
9 # of local minimum (x, y, z) 3
10 Mean of local maximum (X, z) 2
11 Mean of local minimum (x, y, z) 3
12 Variance 1
13 Energy (x, all) 2
Total 30
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Table 12
Optimum hyper-parameters found using GS-CV for each classifier.

Method

Optimum hyper-parameters

C4.5 max depth = 4, min samples leaf = 1, min samples split = 4
RF max depth = 20, n estimators = 100

LR multi class = ‘auto’, penalty = ‘11’, solver= ‘saga’, C = 4.281
SVM C = 100, gamma = 0.1, kernel = ‘rbf’

XGBoost learning rate = 0.3, max depth = 7

DNN neurons = 128, neurons2 = 32 dropout rate = 0.1, dropout
rate = 0.3, learning rate = 10e—2, batchsize = 8

process to save power consumption and carry maximum information
in minimum packet size. Furthermore, Fig. 7 gives the relationship
between the lifetime of the sensor node and the number of samples
obtained from the sensor node for one hundred vehicles in a day. The
mean number of obtained samples from the vehicles in the dataset is 53.
Considering this information and according to the current consumption
characteristics of the magnetic sensor node, it has been determined that
the proposed magnetic sensor node is able to run for up to 2 years
without needing new batteries.

5. Conclusions

In this study, to address the vehicle type classification problem,
an affordable and battery-operated 3-D magnetic sensor has been de-
signed, and a novel approach based on a DNN classifier has been
proposed. In addition, the proposed approach has been compared with
six different classifiers. In comparison to previous 3-D magnetic sensor-
based studies, the proposed approach provides a longer battery lifetime
with satisfactory classification accuracy. As far as we know, this study
is the first to focus on DNN with hyper-parameter optimization using
feature selection and extraction methods on 3-D magnetic sensor nodes
to classify vehicle types. Performance results show that the proposed
method, which is based on a DNN classifier, has an accuracy of 91.15%,
an f-measure of 91.50%, and a battery life of up to 2 years. The relevant
dataset and the model are published on GitHub for any researcher who
is interested [32]. Future work includes extending the proposed study
with different datasets and the investigation of hybrid ML algorithms
for vehicle type classification.
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